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Preface

The 2nd International Symposium on Medical Data Analysis (ISMDA 2001)
was the continuation of the successful ISMDA 2000, a conference held in Frank-
furt, Germany, in September 2000. The ISMDA conferences were conceived to
integrate interdisciplinary research from scientific fields such as statistics, sig-
nal processing, medical informatics, data mining, and biometrics for biomedical
data analysis. A number of academic and professional people from those fields,
including computer scientists, statisticians, physicians, engineers, and others, re-
alized that new approaches were needed to apply successfully all the traditional
techniques, methods, and tools of data analysis to medicine.

ISMDA 2001, as its predecessor, aimed to provide an international forum for
sharing and exchanging original research ideas and practical development expe-
riences. This year we broadened the scope of the conference, to included methods
for image analysis and bioinformatics. Both are exciting scientific research fields
and it was clear to the scientific committee that they had to be included in the
areas of interest.

Medicine has been one of the most difficult application areas for computing.
The number and importance of the different issues involved suggests why many
data analysis researchers find the medical domain such a challenging field. New
interactive approaches are needed to solve these problems.

In ISMDA 2001 we tried to enhance this interdisciplinary approach. Scientists
from many areas submitted their papers. After a thorough peer-review process,
46 papers were selected for inclusion in the final program. We evaluated the
72 submitted papers according to their scientific originality, clear methodology,
relevance, and results. All the papers were reviewed by at least two reviewers
from the scientific committee and by additional reviewers. In addition, the vol-
ume contains three keynote lectures written by relevant invited speakers in areas
of special interest. We did not include posters or “short papers” in the confer-
ence program. Thus, it was our aim that all the approved papers selected by
the reviewers had a significant scientific content for their inclusion within the
symposium proceedings.

We would like to thank all the people, institutions, and sponsors that have
contributed to this symposium. Authors, members of the conference commit-
tees, additional reviewers, keynote speakers, and organizers collaborated in all
aspects of the conference. Finally, we are specially grateful to SEIS, the Span-
ish Health Informatics Society, and its Executive Board, whose members have
enthusiastically supported the conference from the very beginning.

October 2001 Jose Crespo
Victor Maojo

Fernando Martin
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Secure and Interoperable Document Management over the Internet –
The Generic HARP Cross-Security Platform for Clinical Studies . . . . . . . . . . . 69
B. Blobel, G. Stassinopoulos, and P. Hoepner

A Generalized Uncertainty Function and Fuzzy Modeling . . . . . . . . . . . . . . . . . . 75
A. Bolotin

Special Time Series Models for Analysis of Mortality Data . . . . . . . . . . . . . . . . . 81
M. Fazekas

Knowledge Organisation in a Neonatal Jaundice Decision Support System . .88
J. A. Fernández del Pozo, C. Bielza, and M. Gómez
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Rüdiger W. Brause
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Abstract. In its first part, this contribution reviews shortly the applica-
tion of neural network methods to medical problems and characterizes
its advantages and problems in the context of the medical background.
Successful application examples show that human diagnostic capabili-
ties are significantly worse than the neural diagnostic systems. Then,
paradigm of neural networks is shortly introduced and the main prob-
lems of medical data base and the basic approaches for training and
testing a network by medical data are described. Additionally, the
problem of interfacing the network and its result is given and the neuro-
fuzzy approach is presented. Finally, as case study of neural rule based
diagnosis septic shock diagnosis is described, on one hand by a growing
neural network and on the other hand by a rule based system.

Keywords: Statistical Classification, Adaptive Prediction, Neural Net-
works, Neurofuzzy Medical Systems

1 Introduction

Almost all the physicians are confronted during their formation by the task of learning
to diagnose. Here, they have to solve the problem of deducing certain diseases or
formulating a treatment based on more or less specified observations and knowledge.
Certainly, there is the standard knowledge of seminars, courses and books, but on one
hand medical knowledge outdates quickly and on the other hand this does not replace
own experience. For this task, certain basic difficulties have to be taken into account:

• The basis for a valid diagnosis, a sufficient number of experienced cases, is
reached only in the middle of a physician�s career and is therefore not yet present
at the end of the academic formation.

• This is especially true for rare or new diseases where also experienced physicians
are in the same situation as newcomers.

• Principally, humans do not resemble statistic computers but pattern recognition
systems. Humans can recognize patterns or objects very easily but fail when
probabilities have to be assigned to observations.
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These principal difficulties are not widely known by physicians. Also studies who
revealed that about 50% of the diagnoses are wrong do not impede the self-conscience
of some physicians. It is not by chance that the disease AIDS which manifests by a
myriad of infections and cancer states was not discovered directly by treating physi-
cians but by statistical people observing the improbable density of rare cancer cases at
the U.S. west coast.

An important solution for the described problem lies in the systematic application
of statistical instruments. The good availability of computers ameliorate the possibili-
ties of statistically inexperienced physicians to apply the benefits of such a kind of
diagnosis:

• Also physicians in the learning phase with less experience can obtain a reliable
diagnosis using the collected data of experienced colleagues.

• Even in the case of rare diseases, e.g. septic shock, it is possible to get a good
diagnosis if they use the experience of world-wide networked colleagues.

• New, unknown diseases can be systematically documented even if this induces
complex computations which are not known to the treating physician.

• Also in the treatment of standard diseases a critical statistical discussion for the
use of  operation methods or medical therapies may introduce doubts in the phy-
sicians own, preferred methods as it is propagated by the ideas of evidence based
medicine EBM16.

A classical, early study 8 in the year 1971 showed these basic facts in the medical
area. At the university clinic of Leeds (UK) 472 patients with acute abdominal pain
where examined and diagnosed. With simple, probability-based methods (Bayes clas-
sification) the diagnostic decision probabilities were computed based on a data base
of 600 patients. Additionally, a second set of probabilities were computed by using a
synthetic data base of patients build on the interviews of experts and questionnaire
sheets about �typical� symptoms.

Then, the 472 cases were diagnosed by an expert round of 3 experienced and
3 young physicians. The results of this experiment was as follows:

• Best human diagnosis (most experienced  physician): 79.7%
• Computer with expert data base: 82.2%
• Computer with 600 patient data: 91.1%

The conclusion is clear: humans can not ad hoc analyze complex data without er-
rors. Can neural networks help in this situation?

2 The Prognostic Capabilities of Neural Networks

Let us shortly review the prognostic capabilities of adaptive systems like those of
neural networks. There is a long list of successful applications of neural networks in
medicine, e.g. 13,27. Examples are given below:
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Myocardial Infarction [1]

From 356 patients of a heart intensive care unit 120 suffered from acute myocardial
infarction. Based on these data, Baxt (1990) trained a network and obtained a sensi-
tivity of 92% and a specificity of 96% for heart attack prediction.

Back Pain [3]

145 responses of a questionnaire represented the input, 4 possible diagnosis results
were the output (simple lower back pain SLBP, root pain RP, spinal pain SP, abnor-
mal illness behavior AIB). After training with 50 example cases the following correct
percentage for 50 test cases were observed (Table 1):

Table 1   Diagnostic correctness of back pain

Method SLBP % RP % SP % AIB % average %
Network 63 90 87 95 83
Neuro-surgeon 96 92 60 80 82
orthoped. surg. 88 88 80 80 84
common phys. 76 92 64 92 81

For this application, the network has (in the average) roughly the same success as
the human, experienced experts. Nevertheless, for the non-critical case of simple
lower back pain the network was worse than the physicians; for the important case of
spinal symptoms where a quick intervention is necessary the network was better than
the experts.

• Survival probability after severe injury [21]
• For 3 input variables (Revised Trauma Score RTS, Injury Severity Score ISS, age)

and 2 output variables (life, death) a network was trained with 4800 examples.
Compared to the traditional score method TRISS and a variant ASCOT which
separate special risk groups before scoring, resulted in the following diagnostic
scores for juvenile patients (Table 2):

Table 2 Diagnostic success for severe injury of juvenile patients

Diagnose TRISS ASCOT NNet
sensitivity % 83,3 80,6 90,3
specificity % 97,2 97,5 97,5

The significant higher sensitivity of the neural network can be deduced to the supe-
riority of the adaptive approach of the neural net compared to the fixed linear
weighting of the scores (as e.g. APACHE). A linear weighting corresponds to only
one layer of linear neurons (e.g. the output layer); the categorical score input corre-
sponds to fixed nonlinear neurons (e.g. the hidden units).

Beside the high number of successful medical applications (MedLine [18] listed
about 1700 papers for the keywords �artificial neural network� in spring 2001) there
are many reviews for the use of artificial neural networks in medicine, see e.g.
[9,24,26]. In this contribution, only the basic principles of neural networks  will be
presented in the next section in order to set the base for applications like the one in
section 4.
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3 Basic Principles of Neural Networks

Let us start by modelling the artificial neurons. Like in nature neural networks consist
of many small units, the formal neurons. They are interconnected and work together.
Each neuron has several inputs and one output only. In  Fig. 1 a biological neuron and
an artificial neuron are shown.

synapses

x1
x2

x3

w1
w2

w3

y

z

dendrites

axon

cell body

activation

output
(axon)

weights
(synapses)

input (dendrites)

Fig. 1 A biological neuron and an artificial one

Our formal neuron has inputs xi, each one weighted by a weight factor wi. We
model all of the neural inputs from the same neighbour neuron by just one weighted
input. Typically, the activation z is modelled by a weighted sum of the n inputs

 z = i

n

1i
ixw∑

=
 (1)

The output activity y is a function S of the activation, generally a nonlinear one.
Nonlinear predictions are provided by nonlinear neurons, i.e. neurons with a non-

linear function Si(z) for the i-th neuron, e.g.  a radial basis function (RBF)

 Si(z) = 
2ze−  with z2 = 22

2)(

i

i

σ

−xc

(2)

This bell-shaped function provides a local sensitivity of each neuron i for an area of
width σi centred at point ci.

If we arrange several neurons in parallel and then in different layers, we get a map-
ping from input to output ("feedforward network"). Given a certain task, what kind of
network should we choose? To resolve this question, we should know: what is in
general the power of a network? For a two layer network (Fig. 2) containing at least
one nonlinear layer we know that we can approximate any function as close as de-
sired. For a more precise notation of this property, see e.g. [15].

For our purpose, we have to decide whether we want to solve a classification or
prediction task, based on a number of known cases, or if we want to make a kind of
data mining approach, discovering new proportions of the data. In the first case we
should take a multi-layer decision network with a learning algorithm based on the
classification probability, not on a distance measure like the mean square error of
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approximation. The classification might be done either by a multi-layer-perceptron
MLP or a radial basis function network RBF, see [12]. In either case, the network is
trained to do a certain classification job by presenting the patient data and the correct
classification to the network. It is the task of the network to predict the class of an
unknown patient from the presented data, giving rise to appropriate treatments.

1st layer        2nd layer

x1

x2

xn

y1

y2

yn

f1

f2

Fig. 2  A two-layer network

Preprocessing the Data

Very important for medical data analysis, especially for retrospective evaluations, is
the preprocessing of the data, see [23]. The problems are listed below.

• The data set in single studies is often too small to produce reliable results.
• Often, medical data material is very inhomogeneous, coming from multivariate

time series with irregularly measured time stamps.
• Typing errors are detected by checking bounds of the variables.
• A lot of variables shows a high number of missing values caused by faults or

simply by seldom measurements.
• Feature variables should be selected to avoid the so called "curse of dimension-

ality"

For our task we heavily rely on the size of the data and their diagnostic quality. If the
data contains too much inaccurate or missing entries we have no chance of building
up a reliable system even if it is principally possible.

Training and Testing

In general, the networks have to be trained in order to get the parameters set for a
proper function. We distinguish between two modes: the supervised training where
we add to each training sample input (patient data) also the desired network output
information (e.g. the correct classification), and the unsupervised training which is
used to extract statistical information from the samples. The latter is often used for
signal preprocessing, e.g. PCA and ICA, see [12].

How do we get the parameters of the chosen network, e.g.  σi  and ck of eq.(2) ? 1
Changing the parameters at fixed network: The parameters are updated such that an
objective function R(w) is optimised. 2 Growing networks with fixed parameters:
Starting with one neuron, for each data sample which causes a high error in the pre-
diction a new neuron is added to the network. All parameters are set such that the
error is decreased.
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It is well known that the performance of learning systems on the training data often
does not reflect the performance on unknown data. This is due to the fact that the
system often adapts well on training to the particularities of the training data. There-
fore, the training data should be randomly chosen from all available data. It should
represent the typical data properties, e.g. the probability distribution. If you have
initially a bias in the training data you will encounter performance problems for the
test data later.

In order to test the real generalization abilities of a network to unknown data, it
must be tested by classified, but yet unknown data, the test data that should not con-
tain samples coming from patients of the training data. We have to face the fact that
patient data is very individual and it is difficult to generalize from one patient to an-
other. Ignoring this fact would pretend better results than a real system could practi-
cally achieve.

Interfacing the Results

One of the most important questions for diagnosis is the design of the user interface.
Why?

Neural networks are seldom designed to explain what they have learned. The ap-
proach of using the experience of the physician and explaining the diagnosis by
proper medical terms is crucial for the question whether a diagnostic system is used or
ignored. In general, all diagnostic systems, even the most sophisticated ones, are
worthless if they are not used. So, the importance of acquiring the necessary knowl-
edge and presenting the results in a human understandable, easy way can not be over-
estimated.

Now, with the appearance of fuzzy systems which use vague, human-like catego-
ries [20] the situation for knowledge-based diagnosis has changed. Based on the well-
known mechanisms of learning in RBF networks, a neuro-fuzzy interface can be used
for the input and output of neural systems. The intuitive and instructive interface is
useful in medical applications, using the notation and habits of physicians and other
medically trained people. In Fig. 3 this concept is visualized.

   Data parameters

 rules,  training data
 terms

     physician             learning algorithm

Screen
masks

neural
net

Fig. 3 Interactive transfer of vague knowledge

Here, the user interface must use the typical human properties and formulate the diag-
nosis by the vague, inexact language of physicians. The following notational habits of
physicians for variables and possible outcomes have to be reflected by the user inter-
face:
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• Exact notation,   e.g. blood sugar = 120 mg/dl.
• Semi-quantitative notation,    e.g. 120 to 130  mg/dl   or  ++ , + , 0 , - , -- .
• Qualitative, categorical notation,    e.g. test result = red.

To support these notations, we might use the idea of fuzzy terms, called �vague
terms�, described by membership functions. As example, in Fig. 4 the assignment of
the vague linguistic terms of the medical variable SGOT to the vague variable x (con-
centration IE/l) is shown. This results in a vague set of membership functions showed
in Fig. 4. For each function, the set {x | µ(x)=1} is called the core, whereas the whole
set {x | µ(x)>0} is called the support of function µ. To each term of a vague set, we
have to attach a name or a label.

µ (x )
       low norm al    slightly elevated    h igh ly  e levated
1 .0

0 .5

0 .0
0 10 20 30 40 50

Fig. 4 The vague set of the linguistic variable SGOT

For the sake of an easy, robust interface for network initialization purposes (infor-
mation stream from left to right in Fig. 3) it is wise not to assume any knowledge
about appropriate membership functions by the user which is certainly true for most
of the physicians. Instead, let us use the most simple membership function which is in
coherence with the medical expert intuition: a simple trapezoidal bell shaped function
which is directly assigned to the Radial Basis Function of a RBF neuron.

 In conclusion, by using a trapezoidal function as standard membership function
we can easily satisfy all the demands of the medical interface. As free parameters the
lower and upper core limits [min,max] are chosen as the medical range limits while
the ramps are assumed standard. An application of this kind of rule based system is
presented in section 4.2.

In [7] a prototype implementation Analyst1 [16] of such an interface is described.

4 Case Study: Diagnosing Septic Shock Patients

In intensive care units (ICUs) there is one event which only rarely occurs but which
indicates a very critical condition of the patient: the septic shock. For patients being in
this condition the survival rate dramatically drops down to 40-50% which is not ac-
ceptable.

Up to now, there is neither a successful clinical therapy to deal with this problem
nor are there reliable early warning criteria to avoid such a situation. The event of
sepsis and septic shock is rare and therefore statistically not well represented. Due to
this fact, neither physicians can develop well grounded experience in this subject nor
a statistical basis for this does exist. Therefore, the diagnosis of septic shock is still
made too late, because at present there are no adequate tools to predict the progression
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of sepsis to septic shock. No diagnosis of septic shock can be made before organ
dysfunction is manifest.

By the analysis of septic shock data we want to change this situation.

physician�s   
      intuition

     min      max

RBF neuron   membership function

  min               max

                         ci =(max-min)/2

"regular"
blood sugar

concentration

Fig. 5 Mapping the human association to RBF output

The Data

In our case, the epidemiology of 656 intensive care unit patients was elaborated in
a study made between November 1995 and December 1997 at the clinic of the
J. W. Goethe-University, Frankfurt am Main [28]. The data of this study and another
study made in the same clinic between November 1993 and November 1995 is the
basis of our work.
We set up a list of 140 variables, including readings (temperature, blood pressure, …),
drugs (dobutrex, dobutamin, …) and therapy (diabetes, liver cirrhosis, …). Our data
base consists of 874 patients. 70 patients of all had a septic shock. 27 of the septic
shock patients and 69 of all the patients deceased.

With only a small amount of data in each study we had to fuse the two studies to
one. Additionally, the variables had to be resampled in order to fit into a common
time frame. For our data, not the typing errors but the missing values was the main
problem.

The data base contains about 140 variables of metric nature, only partially usable.
In our case, for analysis the physicians gave us recommendations which variables are
the most important ones for a classification, based on their experience. The chosen
variable set V is composed of n=16 variables: pO2 (arterial) [mmHg], pCO2 (arterial)
[mmHg], pH, leukocytes [1000/µl], thromboplastin time (TPZ) [%], thrombocytes
[1000/µl], lactate [mg/dl], creatinin [mg/dl], heart frequency [1/min], volume of urine
[ml/24h], systolic blood pressure [mmHg], frequency of artificial respiratory [1/min],
inspiratorical O2-concentration [%], medication with antithrombine III AT3 [%],
medication with dopamine and dobutrex [µg/(kg⋅min)].
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4.1 Diagnosis by Growing Neural Networks

The neural network chosen for our classification task is a modified version of the
supervised growing neural gas (abbr. SGNG, see [10]). Compared to the classical
multilayer perceptron trained with backpropagation (see [12]) which has reached a
wide public, this network achieved similar results on classification tasks but con-
verges faster, see [14]. The algorithm with our improvements and additional bench-
mark results are noted in detail in [11]. It is based on the idea of radial basis functions.
Its additional advantage is the ability to insert neurons within the learning process to
adapt its structure to the data.

In our case we had only 70 patients with the diagnosis �septic shock�. Our classifi-
cation is based on 2068 measurement vectors (16-dimensional samples) from variable
set V taken from the 70 septic shock patients. 348 samples were deleted because of
too many missing values within the sample. With 75% of the 1720 remaining samples
the SGNG was trained and with 25% samples from completely other patients than in
the training set it was tested. The variables were normalized (mean 0, standard devia-
tion 1) for analysis.

The network chosen was the one with the lowest error on the smoothed test error
function. Three repetitions of the complete learning process with different, randomly
selected divisions of the data were made. The results are presented in Table 3.

Table 3 Correct classifications, sensitivity, specificity with standard deviation, minimum and
maximum in % from three repetitions

measure mean value standard deviation minimum maximum
correct classification 67.84 6.96 61.17 75.05
Sensitivity 24.94 4.85 19.38 28.30
Specificity 91.61 2.53 89.74 94.49

To achieve a generally applicable result ten repetitions would be better, but here it
is already clear: with the low number of data samples the results can only have pro-
totypical character, even with more cleverly devised benchmark strategies.

On average we have an alarm rate (= 1 − specificity) of 8.39% for survived patients
showing also a critical state and a detection of about 1 out of 4 critical illness states.
For such a complex problem it is a not too bad, but clearly no excellent result. An
explanation for this low number is grounded in the different, individual measurements
of each patient.

4.2 Diagnosis by Rule Based Networks

Results of classification procedures could provide a helpful tool for medical diagno-
sis. Nevertheless, in practice physicians are highly trained and skilled people who do
not accept the diagnosis of an unknown machine (black box) in their routine. For real
applications, the diagnosis machine should be become transparent, i.e. the diagnosis
should explain the reasons for classification. Whereas the explanation component is
obvious in classical symbolic expert system tools, neural network tools hardly explain
their decisions. This is also true for the SGNG network used in the previous section.
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Therefore, as important alternative in this section we consider a classification by
learning classification rules which can be inspected by the physician. The details of
the network structure and the learning algorithm can be found in [5,19].
The result of the training procedure are rules of the form (belonging to the core or
support rectangle)

if variable 1 in (� ∞, 50) and
if variable 2 in (20,40) and
if variable 3 in (� ∞,∞)
then class l  (3)

in addition with a classification. Here, variable 3 could be omitted.
Now we present the results of the rule generation process with our previously intro-
duced septic shock data set. The data set is 16-dimensional. A maximum of 6 vari-
ables for every sample was allowed to be missing. The missing values were replaced
by random data from normal distributions similar to the original distributions of the
variables. So it was assured that the algorithm can not learn a biased result due to
biased replacements, e.g. class-dependent means. We demand a minimum of 10 out of
17 variables measured for each sample, so there remained 1677 samples out of 2068
for analysis.

The data we used in 5 complete training sessions � each one with a different ran-
domly chosen training data set � was in mean coming from class 1 with a percentage
of 72.10% and from class 2 with a percentage of 27.91%. In the mean 4.00 epochs
were needed (with standard deviation 1.73, minimum 3 and maximum 7). Test data
was taken from 35 randomly chosen patients for every training session, containing no
data sample of the 35 patients in the training data set. In Table 4 the classification
results are presented.

Table 4  Mean, standard deviation, minimum and maximum of correct classifications and not
classifiable data samples of the test data set. In %

mean standard deviation minimum maximum
correct classifications 68.42 8.79 52.92 74.74
not classified 0.10 0.22 0.00 0.48

Average specificity ("deceased classified / all deceased") was 88 % and average
sensitivity ("survived classified / all survived") was 18.15 %. The classification result
is not satisfying, although similar to the results in section 4.1 but with the benefit of
explaining rules and less training epochs. Deceased patients were not detected very
well. Reasons for this can be the very individual behavior of the patients and the data
quality (irregularity of measurements, missing values). In this way it seems not possi-
ble to classify all the patients correctly, but it could be that in some areas of the data
space the results are better (local rules). In the mean 22.80 rules were generated for
the class survived and 17.80 rules were generated for class deceased.
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5 Discussion and Outlook

After a short introduction and review of existing medical applications, the typical
problems in analyzing medical data were presented and discussed.
In general, results of a patient classification or prediction task are true only with a
certain probability. Therefore, any prognostic system can not predict always the cor-
rect future state but may just give early warnings for the treating physician. These
warnings should constitute an additional source of information; the backward conclu-
sion that, if there is no warning there is also no problems, is not true and should be
avoided.

Two of the most typical and important neural network approaches were presented:
the black-box and the neuro-fuzzy rule based system approach. The first approach for
medical diagnosis by neural network is the black-box approach: A network is chosen
and trained with examples of all classes. After successful training, the system is able
to diagnose the unknown cases and to make predictions. The advantage of this ap-
proach is the adaptation of all parameters of the system for a (hopefully) best predic-
tion performance.

Another diagnostic approach by neural networks is adaptive rule generation. By
this, we can explain the class boundaries in the data and at the same time find out the
necessary variables for a rule of the prediction system, see eq.(3). By using a special
approach of rectangular basis networks we achieved approximately the same classifi-
cation results as by the growing neural gas. Additionally, the diagnosis was explained
by a set of explicitly stated medical rules.
One of the unresolved questions not only in this contribution is the application of the
diagnostic results. Who should apply them when? Although a good test of the net-
work provides the statistical means for the evaluation of the prediction performance,
in clinical research this is not sufficient. A widely accepted procedure is a randomized
double-blind study. Therefore, in order to make a prediction or classification system
acceptable and usable in the medical world, after creating a successful neural network
diagnosis system or deducing good rules a new clinical trial has to be conceived and
performed with the final network state. Only after such an controlled study the results
should be used, eventually taking the classification base and feasibility of such a sys-
tem into account.

Even when the clinical trial was successful, you will encounter a problem: the
problem of ignorance. As long as physicians can come along with their clinical rou-
tine in treating patients, they will do it. Nowadays, nearly for each disease there exist
an international renowned standard procedure, but most physicians will not use it.
Why? First, they have to know it and second, most physicians rely on their own ex-
pertise. To overcome this, one have to include diagnostic expertise into the clinical
standard software. Here, clinical information systems with the possibility of plug-in
software are very rare, but we are on the way. Future administrative necessities for
complete input of patient data (e.g. TISS score) will also enhance the possibility for
automatic diagnosis by such paradigms as neural networks.
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Abstract. This paper presents an overview of the Supervised Classi-
fication Techniques that can be applied in medicine. Supervised Clas-
sification concerns to the Machine Learning area, and many paradigms
have been used in order to develop Decision Support Systems that could
help the physician in the diagnosis task. Different families of classifiers
can be distinguished based on the model used to do the final classifica-
tion: Classification Rules, Decision Trees, Instance Based Learning and
Bayesian Classifiers are presented in this paper. These techniques have
been extended to many research and application fields, and some exam-
ples in the medical world are presented for each paradigm.

Keywords: Supervised Classification, Model Search, Machine Learning,
Decision Support System, Pattern Recognition.

1 Introduction

Traditionally, medical practice has been guided by empirical observation, in the
form of anecdotes, case reports, or well designed clinical trials. With the general-
ization of the use of computers, health care actions made in the different health
services of the world have collected a huge amount of data, having a big number
of different databases that contain rich medical information, which would be
available to the health care experts if generalization of the knowledge contained
could be possible.

In order to develop computer programs that could serve the physicians, a lot
of work has been done in hospital and health services; databases containing pa-
tients medical histories, information about diseases, pills and medicines, and so
one became a normal tool in every medical desk. Traditional manual data anal-
ysis has become inadequate, and methods for efficient computer based analysis
indispensable. Next step was to develop programs to help in the diagnosis deci-
sion. This has be done in the Artificial Intelligence area in the form of Expert
Systems, Decision Support Systems, and other kind of computer programs that
have in common the capacity of doing an optimal management of the data in
order to extract the knowledge contained in the data.

J. Crespo, V. Maojo, and F. Martin (Eds.): ISMDA 2001, LNCS 2199, pp. 14–19, 2001.
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Expert Systems (ES) are one of the most developed areas in the field of
Artificial Intelligence; ES are computer programs designed to help or replace
humans tasks where the human experience and knowledge are scarce and un-
reliable. Medical domain is characterized by inherent uncertainty, and a great
number of paradigms have been developed to deal with patient information.

Some of these paradigms belong to the so called Supervised Classification
(CS) area, in which the goal is to decide, based on the information of a given
case (the symptoms of a patient, for example) the most likely classification we
should consider that it has (the disease (S)he probably has, or the decision about
the patient having some determined illness or not). In this paper Supervised
Classification is presented, and an overview of the application of the different
CS techniques to the medical world is done. See [3] for a good review.

The rest of the paper is organized as follows: Supervised Classification Tech-
niques are introduced in Section 2, while section 3 presents some extensions
that can be applied to the basic methods. Section 4 presents some real medical
databases that have been used in order to do Supervised Classification. Section
5 presents a brief summary of the work.

2 Supervised Classification Techniques

The main task in Supervised Classification is the application of a learning algo-
rithm (or inducer) to obtain a classifier (or classification model) [4]. The learn-
ing algorithm needs a dataset of labelled N examples (or patient information
records) E = {Patient1, ...,PatientN}, each one characterized by n descriptive
features (variables or symptoms) X = {Symptom1, ..., Symptomn} and the class
label (or disease) Disease = {D1, ..., DN} to which they belong, where the class
label of each instance is part of a discrete set of R values: Dj ∈ {D1, . . . , DR}.
The learning algorithm uses the set of labelled examples to induce a classifier
which will be used to classify unlabelled examples. An overview of the needed
dataset of cases can be seen in Table 1.

Starting from the dataset of labelled examples, the class label supervises the
induction process of the classifier, which is used in a second step to predict,
the most accurately as possible, the class label for further unlabelled examples.
Thus, a bet is performed, classifying the unlabelled example with the label that
the classifier predicts for it.

Table 1. An overview of the needed dataset for supervised classification task

Symptom1 . . . Symptomn Disease

Patient1 x1
1 . . . xn

1 D1

Patient2 x1
2 . . . xn

2 D2

. . . . . . . . . . . . . . .
PatientN x1

N . . . xn
N DN
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A structured supervised learning algorithm is able to induce a classifier, which
can be seen as a function that maps an unlabelled example to a specific class
label. Nowadays, this process can be done automatically by a computer program.

2.1 Decision Trees

A decision tree consists of nodes and branches to break a set of samples into
a set of covering decision rules. In each node, a single test or decision is made
to obtain a partition. The starting node is usually referred to as the root node.
In the terminal nodes or leaves a decision is made on the class assignment. In
each node, the main task is to select an attribute that makes the best partition
between the classes of the samples in the training set.

2.2 Instance-Based Learning

Instance-Based Learning (IBL)[1] has its root in the study of the Nearest Neigh-
bor algorithm in the field of Machine Learning. The simplest form of Nearest
Neighbor (NN) or k-Nearest Neighbor (k-NN) algorithms, simply store the train-
ing instances and classify a new instance by predicting that it has the same class
as its nearest stored instance or the majority class of its k nearest stored in-
stances according to some distance measure. The core of this non-parametric
paradigm is the form of the similarity function that computes the distances
from the new instance to the training instances, to find the nearest or k-nearest
training instances to the new case.

2.3 Rule Induction

One of the most expressive and human readable representations for learned hy-
pothesis is sets of IF-THEN rules. In this kind of rules, the IF part contains con-
junctions and disjunctions of conditions composed by the predictive attributes
of the learning task, and the THEN part contains the predicted class for the
samples that carry out the IF part.

2.4 Bayesian Classifiers

Naive Bayes Paradigm The Machine Learning community has studied one
simple form of Bayes’ rule that assumes independence of the observations of
feature variables X1, X2, ..., Xn, which lets us use the equality

P (∧Xi|Yj) =
∏

i

P (Xi|Yj)

where P (Xi|Yj) is the probability of an instance of class Yj having the observed
attribute value Xi.

In the core of this paradigm there is an assumption of independence be-
tween the occurrence of features values, that in many tasks is not true; but it is
empirically demonstrated that this paradigm gives good results in medical tasks.
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Bayesian Networks Bayesian Networks (BNs) constitute a probabilistic
framework for reasoning under uncertainty. From an informal perspective, BNs
are directed acyclic graphs (DAGs), where the nodes are random variables and
the arcs specify the independence assumptions that must be held between the
random variables.

BNs are based upon the concept of conditional independence among vari-
ables. Once the network is constructed it constitutes an efficient device to per-
form probabilistic inference. This probabilistic reasoning inside the net can be
carried out by exact methods, as well as by approximate methods.

2.5 Neural Networks

Neural Networks[4] are a statistical analysis tool, that is, they let us build behav-
ior models starting from a collection of examples (defined by a series of numeric
or textual “descriptive variables”) of this behavior. The neural net, ignorant at
the start, will, through a “learning” process, become a model of the dependencies
between the descriptive variables and the behavior to be explained.

The model is automatically and straightforwardly built from the data : no
skilled (and costly) technician, such as an expert, statistician or “knowledge
engineer” is needed.

3 Extending Standard Paradigms

Although presented paradigms can be used separately, experience in the use of
them could give us the idea of extending or combining some of them in order to
obtain better classification accuracy. Most usual extensions are presented in the
following paragraphs.

– Feature Subset Selection The main goal is, given a set of candidate features,
to select the best subset under some learning algorithm. This dimensional-
ity reduction made by a FSS process can carry out several advantages for
a classification system in a specific task [2]:
• a reduction in the cost of acquisition of the data,
• improvement of the compressibility of the final classification model,
• a faster induction of the final classification model,
• an improvement in classification accuracy.

– Prototype Selection
As it is done with the features, a selection of cases can be done ion order to
obtain faster learning and classification[6]. Usually, three main approaches
are used to develop Prototype Selection Algorithms:
1. Filtration of cases.

This approaches are introduced in the first research works about pro-
totype selection, and use some kind of rule in order to incrementally
determine which cases of the training database will be selected as pro-
totypes and which of them discarded as part of the model.
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2. Stocastical search.
Among the stocastical search methods, some of them make use of Genetic
Algorithms to select prototypes.

3. Case weighing.
In these approaches a computation is done to weight the cases based on
well classified or on more abstract concepts.

– Classifier Combination
Combining the predictions of a set of component classifiers has shown to
yield accuracy higher than the most accurate component on a long variety
of supervised classification problems (Sierra et al. [5]).

4 Medical Examples

Supervised Classification Techniques have been applied to many medical do-
mains. The following paragraphs provide a short description of the nature and
reality aspects covered by each medical domain. These files can be found in the
existing repositories an can be use to do some experimental work and compar-
isons about the accuracy of different paradigms.

– Echocardiogram dataset’s task is to predict whether a patient survived for
at least one year following a heart attack.

– Hepatitis dataset’s task is to predict whether a patient will die from hepatitis.
– Audiology dataset is obtained from the Baylor College of Medicine. Thanks

go to Professor Jergen for providing the data.
– Heart disease dataset comes from the Cleveland Clinic Foundation (USA)

and was supplied by R. Detrano.
– Breast cancer dataset is obtained from the University Medical Centre, In-

stitute of Oncology, Ljubljana, Slovenja. Thanks go to M. Zwitter and M.
Soklic for providing the data.

– Liver (BUPA) dataset was created at BUPA Medical Research Ltd. As each
instance describes a male patient’s medical data, the task is to determine
whether the patient suffers from liver disorder, that might arise from exces-
sive alcohol consumption.

– Arrhythmia dataset was created by H. A. Guvenir, at Bilkent University,
Turkey. The aim is to distinguish between the presence and absence of cardiac
arrhythmia and to classify it in one of the 15 classes of arrhythmia;

– Breast cancer (Wisconsin) dataset concerns medical diagnosis applied to
breast cytology. The task is to predict whether a breast tumour is benign or
malignant.

– Diabetes (Pima) dataset was collected by the USA National Institute of
Diabetes and Digestive and Kidney Diseases.

– Contraceptive dataset is donated by T.S. Lim and it is a subset of the 1987
National Indonesia Contraceptive Prevalence Survey.

– Sick-euthyroid dataset was collected at the Garavan Institute in Sidney, Aus-
tralia. Its task is to identify a patient as having sick-euthyroid disease or not;
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– Hypothyroid dataset was collected at the Garavan Institute in Sidney, Aus-
tralia, and it has the same data format and attributes as Sick-euthyroid.
Thus, Hypothyroid task is to identify a patient as having hypothyroid dis-
ease or not;

– DNA domain is drawn from the field of molecular biology. Splice junctions
are points on a DNA sequence at which ‘superfluous’ DNA is removed during
protein creation.

5 Summary

The aim of this paper is to present a variety of Supervised Classification Tech-
niques while showing the possible use of all of them medical problem solving. All
the paradigms have been introduced in a brief manner, and different versions of
the presented methods exists, as well as different classification approaches that
can be found in the literature.

The main idea the authors would like to transmit is that this kind of algo-
rithms should be used in the medical practice, not as substitute of the physicians,
but as a help tool the doctor have in order to help taking the final decision, in
the same way that medical people look to medicine databases in order to decide
which pills should take the patient.
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Abstract. This paper studies the problem of detecting significant re-
gions in medical image analysis. The solution of this non well-defined
problem requires in general several criteria to attempt to measure the
relevance of an input image features. Criteria properties are important
in medical imaging in order to permit their application in a variety of
situations. We adopt in this paper the morphological framework, which
facilitates the study of the problem and, in addition, provides useful
pre-processing and image analysis techniques.

1 Introduction

A central problem in medical image analysis is to detect significant regions of an
input image [1,2,3]. However, we should note that, in fact, this important prob-
lem is not well defined, since the meaning of the term “significant” can greatly
depend on the application. Sometimes the primary goal is to locate a pathol-
ogy within a body organ, whereas in other situations what is important is to
abstract to a greater extent the scene and to find the precise boundaries of that
organ. Some image analysis techniques use multi-resolution information in order
to assess the significance of a feature (attempting to imitate some aspects of
the human visual system, which can be considered as a multi-resolution visual
system). After significant areas have been detected, an important subsequent
objective is often to perform a parition of the input image.

We will address these issues within a specific discipline of image analysis,
which is mathematical morphology [4,5,6,7,8]. The strong mathematical founda-
tions of mathematical morphology facilitate the investigation of the properties
of operators and the study and comparison of methods and criteria to select
significant regions. Nevertheless, most of the ideas covered in this work apply
also to other types of image analysis approaches.

The paper is organized as follows. Section 2 treats the image simplification
performed by the pre-processing or filtering stage. The segmentation methods
that most relate to the significant region detection problem are commented in
Section 3. Then, methods and criteria to detect significant regions in medical
images are treated in Section 4. Finally, a conclusion section ends the paper,
and an appendix provides some basic definitions of mathematical morphology
notions.

J. Crespo, V. Maojo, and F. Martin (Eds.): ISMDA 2001, LNCS 2199, pp. 20–27, 2001.
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2 Input Image Simplification

The simplification of an input image is an important step, and it can greatly
facilitate the significant region extraction task. Medical images present small
variations in intensity value and, in general, it is desirable to smooth them away.
This stage is often called a pre-processing stage, and the goal is to compute
an output image that has all significant features of the input image but where
un-meaningful and spurious variations have been eliminated.

We normally use at this stage morphological connected filtering [9,10,11],
[12,13], which preserves successfully the shapes of the features that have not
been smoothed away by the filtering. The idea behind this type of filtering is
that if a feature is present in the output image, then its shape should be that of
the input image; on the other hand, if a feature is filtered out, then it should not
appear at all in the output image. This is achieved because this type of filters
impose an inclusion relationship between the piecewise-connected regions of the
input image and those of the output regions. This inclusion relationship ensures
that the shape of features that are not eliminated is preserved. In particular, we
employ compositions of alternating filters by reconstruction. An alternating fil-
ter by reconstruction is the sequential composition of a closing ϕ̃ and an opening
γ̃ by reconstruction: ϕ̃γ̃ or γ̃ϕ̃. When different scales are used, the openings and
closings belong to a granulometry {γ̃i} and an anti-granulometry {ϕ̃i}, respec-
tively. For multi-resolution filtering, we use either the so called alternating se-
quential filters ϕ̃iγ̃i...ϕ̃j γ̃j ...ϕ̃1γ̃1 (or its dual γ̃iϕ̃i...γ̃jϕ̃j ...γ̃1ϕ̃1) where i ≥ j ≥ 1,
or compositions under the the sup and inf operators of alternating filters by re-
construction, i.e.,

∧n
i=1 ϕ̃iγ̃i and

∨n
i=1 ϕ̃iγ̃i. All these filters possess a robustness

property against small variations of the input image (such as noise) that is called
the strong property (a filter ψ is strong if and only if ψ = ψ(I

∧
ψ) = ψ(I

∨
ψ)).

In Figure 1, a comparison of the effect of three different filters on a medical
image is shown. It can be noticed that the morphological connected filter (in
particular, an alternating filter by reconstruction ϕ̃γ̃) successfully preserves the
shapes of the features of the input image.

3 Partition Methods

Our interest focuses on approaches that can be considered “homogeneity-based”,
since the first objective is to detect and locate regions whose component pixels
share some property. At this step, it is not important to compute the precise
shapes of these regions, since their boundaries arise after a pixel assignment
method assigns the remaining pixels to one of the selected significant regions.
An alternative approach would be the dual one: to detect and to extract first
the non-homogeneities of the input image, and then to define significant regions
as those sets of connected pixels surrounded by closed contours. However, it
is an extremely difficult problem to find the precise location of an input im-
age edges and to ensure that those edges are not broken (i.e., that they form
closed contours). These edge-based approaches perform in general worse than
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(a) Input image I0 (b) ψ1(I0)

(c) ψ2(I0) (d) ψ3(I0)

Fig. 1. Pre-processing stage comparison. ψ1 is a linear filter, ψ2 is a morpholog-
ical non-connected filter, and ψ3 is a morphological connected filter. In all cases,
the size of the window (in (b)) and of the structuring elements (in (c) and (d))
used has been 9× 9. (Image size: 600× 600.)

homogeneity-based methods, since it is usually the case that is is easier to know
where the significant regions are and to find some “safe” region pixels (i.e., pix-
els that are known to be within homogeneous regions), than to depend on edge
information (which is quite sensitive to the presence of noise) to compute the
precise boundaries of the image regions at the first stage [14].

In our work we use the significant regions detected as “seeds” of pixel as-
signment methods that will assign the rest of the pixels to one of the significant
regions. In the resulting image, the regions will form a partition (i.e., a set of
disjoint connected components that cover the whole image space), and the num-
ber of regions will be the same as the number of significant regions. We use
mainly morphological segmentation approaches, in particular the watershed ap-
proach [15] and a flat zone segmentation method [16]. Nevertheless, the presented
ideas apply in general to related techniques such as pixel growing methods. In
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the morphological framework, the significant regions that constitute the “seeds”
of the final regions are denominated markers .

4 Significant Regions Detection and Extraction

What constitute a significant feature cannot in general be defined precisely in an
objective manner. For example, sometimes size or shape are important whereas
in other cases the contrast of a region is the characteristic that determines its
significance. And considering contrast, there are several ways to measure it, re-
sulting in similar but different results. A combination of criteria is then normally
recommended, since it is not then possible in general to find a single character-
istic that successfully locates significant features in a variety of situations. In
fact, several multi-criterion approaches can be found in the literature, not only
applied for medical imaging [17,16]. Because of the type of filtering used, in this
work we consider that features are piecewise-constant regions (or flat zones).
This is a restrictive definition but has proven its utility in most applications
(besides, it facilitates the study and comparison of different techniques, and
piecewise-constant regions relate closely to connected filtering).

Some important criteria to measure the significance of a feature (a piecewise-
constant region at the output of connected filtering) are the following:

(a) Whether the feature is a maximum or a minimum
(b) Area (or number of pixels)
(c) Gradient
(d) Gradient-to-area ratio (a combination of (b) and (c))

Features that rank highest in each of the criteria would be selected (a certain
number). Some desirable properties of the above mentioned criteria is that they
can be defined to be invariant under certain changes of the intensity value. For
example, if the dynamic range of an input image were expanded by a factor of 2,
the feature ranking for each criterion would not change. This is important espe-
cially in medical imaging since dynamic ranges often suffer a great variability.
Concerning shape, this characteristic is taken into account in the filtering stage,
since morphological filters can be adjusted to remove (or emphasize) certain
shapes.

Multi-resolution (or multi-scale) techniques can be an attractive way to com-
pute several sets of features. These approaches provide more information, but
correspondences between features obtained at different scales must be estab-
lished in some way. The pre-processing stage treated in this work facilitate the
solution to this problem, since there exist some inclusion relationships between
features (piecewise-constant regions) located at different scales. to assess the
significance of a feature. A problem that arises using some families of filters
is the broken feature problem, displayed in Figure 2. This problem exist when
there is not an inclusion relationship between a feature F computed at a certain
scale (Fig. 2(b)) and the piecewise-constant regions obtained at a coarser scale
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F

(a) Input set A (b) ψ1(A) (c) ψ2(A)

Fig. 2. Broken feature problem in multi-scale analysis (binary case)

(Fig. 2(c)). In those cases, further processing of the features at the coarser scale
is necessary to avoid this problem.

Nevertheless the utilization of different criteria, in many medical imaging
applications used in clinical practice the automatic method to locate significant
regions should be supplemented with manual or semiautomatic marker extrac-
tion. The reasons are the extreme consequences that can have the failure to
locate a significant pathological feature, and that, in general, it cannot be as-
sured that automatic methods will work 100 % of the time. Therefore we have
found that in practice most application should offer the possibility to check the
markers computed automatically and, if necessary, to add additional markers.
Using the segmentation methods commented previously, this is easily performed
just by letting physicians to click with the mouse and touch the feature of in-
terest, since it is not necessary to delineate its shape and contours (which, in
fact, will be extracted by the segmentation method). The efficiency of the meth-
ods involved allows a satisfactory interactivity. Figure 3 displays the extrema
piecewise-constant regions (criterion (a)) in white at the output of multi-scale
connected filtering (the input image is a part of the image in Fig. 1(a)). This
criterion is quite useful in medical image analysis since pathological areas are
normaly brighter or darker than their neighboring regions. Multi-scale analysis
can be performed considering the extrema region at several scales.

The previous techniques and concepts can be used as well for volumetric 3D
images (such as in CT and MRI) The only important modification is the con-
nectivity of the space, which must consider the neighborhood relations between
adjacent slices. The extension to 3D image analysis is therefore straightforward.
The analysis of multi-modal causes other types of problems. In this case, we have
in general one resolution level (although this is not always the case), but there
are several bands. In medical imaging this situation arises when, for example,
CT and MR slices are available of the same body part. Significant regions must
be extracted from the images of each modality and be integrated in a final set of
significant regions. The problem is similar to some extent to that of color image
analysis, in which the information existent at each band can be quite different.
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5 Conclusion

This paper has studied the problem of the detection of significant regions in
medical image. Although most ideas apply to other type of processing, we have
focused in mathematical morphology approaches because they possess a solid
mathematical foundation which facilitates the study of the properties of oper-
ators and techniques. A single criteria is not in general sufficient to detect sig-
nificant regions in a variety of medical imaging situations. Therefore, the usage
of several criteria should be normally the case in automatic and semi-automatic
medical image applications. Multi-resolution approaches facilitate the assessment
of the the significance of features. Once significant regions have been located at
several scales, there is the problem of establishing the correspondence between
same features at different scales. Connected morphological filtering facilitates
this problem because the are some inclusion properties that are satisfied in some
situations. However, if that is not the case, further processing of the extracted
significant regions is necessary to avoid missing some of them in the final seg-
mentation.

Concerning our medical image analysis and visualization software, we use
a mixture of languages. The Python language interpreter is utilized for high-level
modules, whereas computational intensive image operations are implemented in
C/C++. In addition, we use mainly Java to build GUI for applications that
provide both image analysis and 3D visualization capabilities.
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A Appendix: Basic Concepts in Mathematical
Morphology

A basic set of notions on mathematical morphology can be the following.

– Mathematical morphology deals with increasing mappings defined on a com-
plete lattice. In a complete lattice there exists an ordering relation, and two
basic operations called infimum and supremum (denoted by

∧
and

∨
, re-

spectively).
– A transformation ψ is increasing if and only if it preserves ordering.
– A transformation ψ is idempotent if and only if ψψ = ψ.
– A transformation ψ is a morphological filter if and only if it is increasing and

idempotent.
– An opening γ (or respectively a closing ϕ) is an anti-extensive (respectively

extensive) morphological filter.
– An ordered set of openings {γ̃i} (or respectively closings {ϕ̃i}) is called a

granulometry (respectively anti-granulometry).
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– An opening by reconstruction γ̃ can be defined as
∨
x∈E γ◦γx, where γx is the

operation that extracts the connected component to which x belongs, and
where γ◦ is a trivial opening that leaves unchanged an input set that satisfies
an increasing criterion. The dual operator would be a closing by reconstruc-
tion ϕ̃. These filters are normally computed iterating geodesic operators until
idempotency.
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(a) Input image I0

(b) ψ1(I0) (c) Extrema of ψ1(I0)

(d) ψ2(I0) (e) Extrema of ψ2(I0)

Fig. 3. Extrema regions. The outputs of multi-scale connected filtering at two
scales are shown in (b) and (d); their extrema are displayed, respectively, in (c)
and (e). (Image size: 256× 256.)
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Abstract. Due to the uncertain nature of many of the factors that in-
fluence on the performance of an emergency medical service, we propose
using Bayesian networks to model this kind of systems. We use an al-
gorithm for learning Bayesian networks to build the model, from the
point of view of a hospital manager, and apply it to the specific case of a
spanish hospital. We also report the results of some preliminary experi-
mentation with the model.

Keywords: Bayesian networks, Learning algorithms, Emergency medi-
cal services, Management problems.

1 Introduction

Health-care systems are complex and depend on organizational, economical and
structural factors. The availability of appropriate tools for their representation
would allow to study and understand the interactions among the different ele-
ments that determine their behaviour, as well as to analyze some alternatives
to improve their performance. As many of the factors that influence on the
performance of a health-care system are of a uncertain nature, Bayesian net-
works [Pea88] could play an important role in their study. In this paper we
introduce a representation model, based on Bayesian networks, applied to the
specific case of an emergency medical service. This model has been obtained,
from real data recorded at the hospital “Virgen de las Nieves”, using an algo-
rithm for learning Bayesian networks.

The paper is structured as follows: In Section 2 we describe the problem we
are going to study and the available data. In Section 3 we briefly comment on
the learning algorithm that we have used to build the model. Section 4 describes
the network obtained and the results of several experiments, which try to assess
the quality of the model from a classification-oriented perspective. In Section 6
we offer some conclusions and proposals for future work.
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Table 1. Variables

Variable n. of values Variable n. of values

Financing 11 Identification 6
Day 7 Duration of the Stay 3
Shift 3 Cause of Discharge 11

Cause of Admission 8 Medical Service 36
Pathology 7 Centre 3

P10 2

2 The Problem and the Data Set

As we have already commented, we want to model some aspects of the health-
care system for patients that arrive to the emergency department of a hospital.
Our first objective is to better understand the interactions between some of the
factors that shape this system, and obtain a model that describes reasonably
these interactions. Afterwards, the model could be used to estimate the different
probability distributions of some variables of interest in different contexts, or
even to make predictions about these variables given some partial evidence. Our
point of view is not clinical but management oriented, i.e., we try to assist to
the hospital manager in organizational and economical questions (e.g., possible
redistribution or reinforcement of personnel and infrastructure).

From the set of variables which are collected when a patient enters in the
emergency department, the eleven variables displayed in Table 1 were selected.
The number of possible values for each variable is also shown in the table. We
used a database containing 31937 records, corresponding to all the arrivals to
the emergency departments of the hospital “Virgen de las Nieves” at Granada,
from 01/01/2001 to 20/02/2001.

Financing represents the type of entity that supports the expenses (Social
Security, Insurance companies, International agreements, . . .). Day is the day
of the week in which the patient arrives to the emergency department. Shift
corresponds to the arrival time of the patient, discretized into 3 values, rep-
resenting the three different horary periods of the day: morning (8:01-15:00),
evening (15:01-22:00) and night (22:01-8:00). Cause of Admission codifies 8 dif-
ferent values1. Pathology includes Common Disease, Common Accident, Indus-
trial Accident, Traffic Accident, Aggression, Self-inflicted Lesion and Other. P10
represents whether the patient was sent to the emergency medical service by a
family doctor. Identification codifies the type of identification document of the
patient (Identity Card, Social Security Card, Passport, Oral Identification, Other
and Unidentified). Duration of the Stay is the lenght of time (in hours) that the
patient stayed in the emergency department, discretized into 3 values, consid-
ered meaningful by the physicians (from 0 to 8 hours, from 8 to 72 hours, and
more than 72 hours, which correspond to normal, complicated and anomalous
1 Considered as confidential by the hospital staff.
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cases, respectively). Cause of Discharge represents several reasons (Return to
duty, Death, Hospitalization, Transfer to another hospital, . . .). Medical Service
includes all the different emergency units at the hospital. Finally, Centre rep-
resents the three different emergency departments corresponding to the three
centres that compose the hospital (Maternity hospital, Orthopedic Surgery and
General hospital).

3 The Algorithm for Learning Bayesian Networks

There are many algorithms for learning the structure of a Bayesian network from
a database, although they may be categorized in only two methods, those based
on independence criteria [SGS93] or on scoring metrics [CH92,HGC95].

The learning algorithm that we have applied to our problem is a version of
the BENEDICT (BE) algorithm2 [AC]. This algorithm, which searches in the space
of equivalence classes of directed acyclic graphs (dags)3, is based on a hybrid
methodology that shares with the methods based on scoring metrics the use of
heuristic search methods to build a model and then evaluate it using a scoring
metric. At the same time, the method has some similarities with those based on
independence tests: it explicitly uses the conditional independencies embodied
in the topology of the network to elaborate the scoring metric, and carries out
conditional independence tests to limit the search effort.

The basic idea of this algorithm is to measure the discrepancies between
the conditional independences represented in any given candidate network G
(d-separation statements) and those displayed by the database (probabilistic
conditional independences). The lesser these discrepancies are, the better the
network fits the data. The aggregation of all these local discrepancies results
in a measure of global discrepancy between the network and the database.
The local discrepancies are measured using the Kullback-Leibler cross entropy,
Dep(x, y|Z), which measures the degree of dependence between two variables x
and y, given that we know the values of the subset of variables Z. To evaluate
a network G, only the values Dep(x, y|Z) for pairs of non-adjacent variables
in G, given a d-separating set for x and y of minimum size, Z [AC96], are calcu-
lated. The main search process is greedy and only addition of arcs is permitted,
although a final refining process (reinsertion of discarded arcs and pruning of
inserted arcs) mitigates the irrevocable character of the whole search method.

To compute the conditional (or marginal) probability distributions stored at
each node in the network, thus obtaining a complete Bayesian network, we used
a maximum likelihood estimator (frequency counts).

2 Acronym of BElief NEtwork DIscovery using Cut-set Techniques.
3 Other versions of BENEDICT, that search in the space of dags with a given ordering
of the variables, and use a slighty different metric, can be found in [AC01].
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4 Results

After running the learning algorithm we obtained the network displayed in Fig-
ure 1. We want to remark that we do not assume a causal interpretation of the
arcs in the network (although in some cases this could be reasonable). Instead,
we interpret the arcs as direct dependence relationships between the linked vari-
ables, and the absence of arcs means the existence of (conditional) independence
relationships.

Due to space limitations, we will not comment on all the 16 arcs included in
the network, but only about some of them. The dependence between Pathology
and Financing is explained because the expenses are charged to different entities
depending on the type of pathology (traffic accident, industrial accident,...).
Financing also depends on Identification (obviously the expenses will be charged
to some entity or company only if the patient can be identified as a member of
this entity). The dependence between Pathology and Cause of Admission is quite
evident. The relation between Cause of Admission and Shift may be due to the
fact that the reason to go to the emergency department is not homogeneous
across the different hours (Shifts). The arc going from Medical Service to Centre
is justified because Centre is a variable functionally dependent onMedical Service
(each Centre has its own emergency medical units). The Duration of the stay
at the emergency department essentially depends only on the medical unit that
tended the patient and the Cause of Discharge (the seriousness of the diseases,
which is strongly related with the duration of the stay, probably varies from one
unit to another). In turn, these two variables are also correlated: For example,
a decease as being the cause of discharge is much more unlikely for some medical
units than for others.

The learned network can be used with predictive purposes, by using the
inference methods (propagation of evidence) available for Bayesian networks.
More precisely, from the perspective of a classification problem, we want to use
the network to predict the values of some variable of interest given some evidence,

Cause Admission

Cause Discharge

Shift

P10 Medical Service Pathology

Duration

Identification

Financing

Day Centre

Fig. 1. Structure obtained by the BENEDICT algorithm
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Table 2. Success percentages of classification

Training Set Test Set
BE ∅em NB C4.5 BE ∅em NB C4.5

D % 89.9 86.1 86.5 90.1 91.6 96.1 86.3 92.0
MS % 75.9 30.4 76.0 75.9 75.0 31.9 76.0 76.1
P % 85.5 79.6 85.5 85.5 85.6 80.7 85.6 85.6

and compare the predictions obtained with the true values of this variable, thus
obtaining the corresponding percentages of success. We have considered three
different situations:

– Predicting the values of Duration (D %), given evidence about the values
of all the other variables, except Cause of Discharge. In this way, we try to
determine the most probable duration of the stay at the emergency depart-
ment before the patient is effectively discharged. This information could be
useful to redistribute some resources.

– Predicting the values of Medical Service (MS %), given evidence relative
to all the remaining variables, except Pathology, Cause of Discharge and
Duration, which would be unknown at the arrival time of the patient. If
accurate, this prediction could serve to direct the arriving patient to the
appropriate emergency unit.

– Predicting the values of Pathology (P %) given Medical Service and Cause
of Admission.

These experiments may also give us an idea of the robustness of the Bayesian
network as a general classifier, as opposed to have to manage a different model
for each different problem. We have computed the success percentages obtained
for the network learned by BENEDICT and the empty network (∅em), which is
obviously a poor model (no interaction among the variables), as well as those
obtained by the Naive Bayes (NB) classifier [DH73] and C4.5 [Qui93] (a classifier
based on decision trees). Table 2 displays the percentages of success obtained
for classifying the same data used to build the models (training set) and also for
a separate test set4.

In general, the results obtained by BE, NB and C4.5 are quite similar. With
respect to predicting the Duration of the stay, note that the percentage of im-
provement obtained with respect to the prediction of the empty network is rather
small for the training set. The reason is that the distribution of the duration of
the stay is quite biased towards its first value (from 0 to 8 hours) and there-
fore the default rule that assigns to all the cases the ‘a priori’ most probable
class gets a high percentage of correct classifications (in fact, in the test set,
the proportion of cases with a duration of the stay from 0 to 8 hours is even
greater). Similarly, we also get a moderate improvement in the prediction of the

4 containing 12292 arrivals of patients, from 21/02/01 to 10/03/01.
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Table 3. Posterior distribution of Shift given P10 and Day

Configuration Morning Evening Night

P10=no, ∀ Day 0.34 0.47 0.18
P10=yes, Day=Weekday 0.47 0.36 0.17
P10=yes, Day=Weekend 0.44 0.37 0.18

Pathology, when using any of the models instead of the ‘a priori’ distribution.
In this case the distribution of pathology is also quite biased towards its first
value (common disease). The problem of predicting the Medical Service involved
is more difficult, and in this case BE, NB and C4.5 considerably outperform the
prediction of the empty network.

The network model can also be used to compute the posterior probability of
any variable in different contexts. For example, we have calculated the posterior
probability distribution of Shift given P10 and Day for all the possibles values
of these two variables. Table 3 summarizes the results.

It is interesting to note how the arrival pattern to the emergency medical
services is quite homogeneous across the different days (including weekend), but
this pattern is different depending on patients having a P10 document or not. As
expected, patients having a P10 document arrive more frequently in the morning.

5 Concluding Remarks

The complexity of the health-care systems requires appropriate tools for their
representation, study and optimization. Bayesian networks constitute a very at-
tractive formalism for representing uncertain knowledge that has been success-
fully applied in different fields. However, Bayesian networks have been used in
medicine essentially to assist in the diagnosis of disorders and to predict the nat-
ural course of disease after treatment (prognosis). A novelty of this work is the
application of Bayesian networks to other, more management oriented, medical
problems. The preliminary results obtained are encouraging, because the learned
network is able to manage in a robust way, using a single model, a variety of
different prediction problems.

For future works, we plan to extend and refine our model, including more
variables, validate it taking into account expert knowledge and use it as a tool
to assist to the hospital manager. We also plan to apply Bayesian networks to
other management medical problems.
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Abstract. Isokinetics systems are now a leading technology for assess-
ing muscle strength and diagnosing muscle injuries. Although expen-
sive, these systems are equipped with computer interfaces that provide
only a simple graphical display of the strength data and do not interpret
the data. This paper presents the I4 System (Interface for Intelligent In-
terpretation of Isokinetic Data), developed as a knowledge-based sys-
tem, which provides an expert knowledge-based analysis of the isoki-
netic curves. The system was later extended with a KDD architecture
for characterising injuries and creating reference models.

1 Introduction

The assessment of muscle function has been a primary goal of medical and sports
scientists for decades. The main objectives are to evaluate the effects of training and
the effectiveness of rehabilitation programs [1, 2]. An isokinetics machine is used for
the purpose of evaluating and diagnosing a possible injury. This machine consists of a
physical support on which patients perform exercises using any of their joints (knee,
elbow, ankle, etc.) within different ranges of movement and at constant velocity. The
machine records the strength applied throughout the exercise. The data measured by
the isokinetic dynamometer are presented to the examiner by means of a computer
interface. This interface sets out given parameters, which are used to describe the
muscle function tested (e.g., maximum strength peak, total effort, etc.).

The mechanical component of the isokinetics systems now on the market generally
meets the demands of muscle strength assessment. However, the performance of the
software built into these systems (e.g., LIDO) still does not make the grade as far as
isokinetic test interpretation is concerned. This means that the massive data flow sup-
plied by these systems cannot be fully exploited.
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The I4 project, developed in conjunction with the High Performance Centre at the
Spanish Council for Sports and the Spanish National Organisation for the Blind�s
School of Physiotherapy, aimed at providing a more comprehensive analysis of the
data output by the isokinetics machine. This project is sponsored by the CICYT,
through contract number TIC98-0248-C02-01

2 Overview of the System

The isokinetics machine includes the LIDOTM Multi-Joint II system, which supplies
the data from the isokinetic tests run on patients. Seated patients extend and flex their
knees, moving their right or left leg within a 0 to 90°C flexion/extension arc. The
system records the angle, as well as the strength exerted by the patient (Fig. 1a).

As shown in Fig. 1b, after the isokinetic tests have been run by the LIDO system,
I4 first decodes, transforms and formats the LIDO output into a standard format and
corrects any inaccurate or incomplete data. This is the only I4 module that depends on
the LIDO isokinetics system.

These transformed data are stored in a separate database for later processing. The
Visualisation Module can display stored exercises either individually or jointly as
graphs. So, this module can be used to analyse an individual exercise, to compare any
pair of exercises or even to compare an exercise with a pattern or model that is repre-
sentative of a particular population group.
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Fig. 1. I4 system and I4 architecture

The Data Cleaning and Pre-processing Module automatically processes the data
stored in the database in order to correct and remove any inconsistencies between the
isokinetic tests. These data are processed on the basis of the expert knowledge stored
in the knowledge-based system (KBS). The data are then ready for analysis by the
KBS and by the KDD (knowledge discovery in databases) architecture.

The Intelligent Analysis Module is the core of the KBS. Its job is to interpret the
isokinetic data stored in the database using the system expert knowledge. It aims to
provide an assessment of the numerical parameters and morphology of the isokinetic
curves. The Report Generator Module is responsible for editing and printing the re-
ports that describe the KBS inference process on the processed exercises.

The above three modules -Data Cleaning and Pre-processing, Intelligent Data
Analysis and Report Generation- are what make up the system�s KBS architecture.
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Finally, the Create Reference Models Module processes all the exercises of a given
patient population and gets a reference curve for the group. To do this, it has to assure
that the curves of the patient population are similar and discard any atypical curves.

3 Intelligent Test Interpretation

The KBS provides an expert knowledge-based analysis of the isokinetic curves related
to both their numerical parameters and their morphology. It lightens the workload of
experienced physicians in isokinetics and provides support for non-specialists. This
knowledge is vital for data cleaning and pre-processing in the KDD process.

Expert knowledge is formalised in the system using three different structures: func-
tions, rules and isokinetic models. Each of these structures, and therefore the knowl-
edge they contain, plays a different, though complementary, role in expert analysis.

3.1 Functions

The objective of this representation structure is to assess the morphology of each
isokinetic curve and to eliminate any irregularities in the curves for which the patient
is not responsible. The functions evaluate the curve characteristics and implicitly
contain the expert knowledge required for this task.

Firstly, the strength curves are pre-processed in order to eliminate flexion peaks,
that is, maximum peaks produced by machine inertia rather than by the actual strength
of the patient. I4 also detects exercise extensions and flexions that are invalid because
the patient exerted much less strength than in others and movements that can be con-
sidered atypical as their morphology is unlike the others.

The analysis of the strength curves also involves the assessment of different char-
acteristics of the extension/flexion curve morphology, which are themselves of interest
to the specialist, such as uniformity, regularity, maximum peak, troughs, etc.

The analysis of these morphological aspects of the curves may seem straightfor-
ward for an experienced physician. However, their automated assessment is important
for inexperienced physicians and crucial for visually impaired physicians.

The development of these functions can be described as interactive human induc-
tion. Given a number of curves, the expert evaluated each one and assessed its char-
acteristics. Tentative functions were then implemented. These functions were applied
to a new set of tests, and the results were shown to the expert for evaluation. This led
to changes in function implementation, and so on. This process ended when the meth-
ods provided the correct value in a high percentage of the cases (over 98%). It took
3 to 5 iterations, to evaluate each characteristic.

3.2 Rules

It was obvious from the very start of the design that functions alone were insufficient.
They represent procedural knowledge very well, especially if it involves calculations,
but they are not suited for representing fine grain knowledge, like heuristic assertions
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such as �If there are many invalid exercises, repeat the test�. Fine grain knowledge for
test validation and analysis is therefore represented in I4 by production rules.

There are over 480 rules in the system. They output conclusions on three concerns
in isokinetics analysis: protocol validation (to determine whether the protocol has
been applied correctly), numerical analysis of data (every numerical feature of the
curve is expertly analysed and conclusions are presented to the user), morphological
analysis of data (the rule-based subsystem analyses the morphology of the strength
curve of each leg and their comparison and tries to identify dysfunctions).

3.3 Isokinetic Models

One of the processes most commonly performed to evaluate patient strength is to
compare the test results against a standard. This third structure, called isokinetic
model, aims to reflect the normal isokinetic values for a given population group. It is
composed of an average isokinetic curve and a set of attributes (common irregulari-
ties, mean value, etc.). These attributes were added to return the information needed to
compare a new patient against a model. Some of the attributes are calculated auto-
matically from the set of tests performed on the population group (i.e. standard devia-
tion), whereas others, like how close a curve should be to the model for it to be con-
sidered as normal, are defined by the expert.

The curve is automatically calculated from a set of tests. The user selects a group of
tests, usually belonging to patients of similar ages, the same sex, similar sport if any
and/or same injury, and the system calculates the reference curve for the group in
question. This requires some sort of pre-processing (to discard poor exercises, stan-
dardise the curve, etc.), for which purpose functions are used. However, there may be
some heterogeneity even among patients of the same group. Some patients will have a
series of particularities that make them significantly different from the others. Take a
sport like American football, for instance, where players have very different physical
characteristics. Here, it would make no sense to create just one model, and separate
models would have to be built for each subgroup of players having similar character-
istics. Therefore, exercises have to be sifted, and the reference model has to be built
using exercises among which there is some uniformity.

The discrete Fourier transform, whose use for comparing time series is widely
documented [3,4], is used to perform this process efficiently. This technique sharply
reduces the number of comparisons to be made, which is very important in this case,
since there are a lot of exercises in the database and comparison efficiency is vital.
The process for creating a new reference model from a set of exercises is as follows.

• Calculate the discrete Fourier transform of all the exercises.
• Class these exercises, using some sort of indexing to rapidly discard all the exer-

cises that deviate from the norm. The system creates a variation on the R* search
tree [5]. The exercises are classed, and groups of similar exercises are clearly
identified. Users generally intend to build a reference model for a particular
group. In this case, there is a clear majority group of similar exercises, which rep-
resents the standard profile that the user is looking for, and a disperse set of
groups of one or two exercises. The former is used to create a reference model.
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Comparison with models

For comparison, the isokinetic model curve and the patient curve are translated to the
frequency domain by the Fourier transform [4]. The automatic comparison algorithm
visually displays similar parts for the user and presents a global measure of similarity.
Similarities between curves or parts of curves is calculated by means of the Euclidean
distance between the respective Fourier transforms.

Isokinetic models play an important role in the isokinetic assessment of patients, as
they allow physicians to compare each new patient with standard groups. For example,
it is possible to compare a long jump athlete with a group of elite long jumpers, com-
pare a promising athlete with a set of models to determine which is the best suited
discipline, assess strength dysfunctions in apparently normal patients, etc.
The interface (Fig. 2) that represents model/exercise comparison provides the follow-
ing comparison options:

• Normal: outputs a full comparison of each curve.
• Extensions: compares the extension regions of the curves for the knee joint.

A similar option is available for flexions.
• Windows: compares the windows into which the user has divided the curves. This

would output all similar windows. Fig. 2 shows an example: four windows were
selected by the user, and the algorithm calculates that window 2 of the model is
similar to window 2 of the exercise.

• Selection: searches regions of a curve similar to the region marked by the user.

Fig. 2 Model/exercise comparison interface

The system provides the possibility of modifying advanced options for exer-
cise/exercise and model/exercise comparison: 1) Comparison accuracy can be: �Very
Accurate�, �Fairly Accurate�, �Accurate�, �Normal� and �Not Very Accurate�;
2) Sample size chosen for comparison: number of data for time series; 3) Number and
size of the windows for comparison; 4) Window grid selection.
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3.4 Co-operation between the Three Formalisms

One of the reasons for implementing the system with three different structures is that
each comprises the different types of knowledge provided by the expert more intui-
tively. The individual tasks needed to perform a full analysis of the patient required
different knowledge representation structures. The knowledge of which each structure
is composed can be used separately to provide conclusions on particular questions and
can also be employed together to provide more general conclusions.
As mentioned above, these three types of knowledge are related and are complemen-
tary to each other. The rule-based subsystem needs the results supplied by running the
expert functions on the curves. The output of these functions is an important input for
the rule preconditions. Functions also play a major role in the creation of isokinetic
models, as they provide the values of some model attributes. The conclusions supplied
by the rule-based subsystem are also important for this task.
However, the relations between these structures for representing expertise are not one
way. The models also input facts into the rule-based subsystem for assessing compari-
sons between a patient and a model.

4 Conclusions and Future Work

Most technological systems nowadays output a huge collection of information that
cannot be interpreted by a non-specialised user and is not always easy to understand
for a specialist. There is, therefore, a demand for expert systems that interpret this
information by means of an intelligent analysis of the data output. The goal of the
I4 project was to provide one such system, focused on the field of isokinetics.

For this purpose, we developed an intelligent system, built by means of an incre-
mental KBS, which has the following peculiarities:

• A modular system architecture: a) data cleaning and pre-processing; b) intelligent
data analysis; c) data and results display and report generation.

• An expert system for the intelligent analysis of data, which structures procedural
knowledge by means of functions, declarative knowledge by means of rules and
structural knowledge by means of an isokinetic model.

The system was built into two applications, one for the blind and another for elite
athletes, the results of which have been highly praised by isokinetic specialists [6].
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Abstract. As more health-care providers invest on computerised
medical records, more clinical data is made accessible,  and more of
clinical insights will become reliable. As data collection technologies
advance, a plethora of data is available in almost all domains of one�s
lives, being of particular interest to this work that of Medicine. Indeed,
Intelligent Diagnosis Systems (IDS) with built-in functions for
knowledge discovery or data mining, concerning with extracting and
abstracting useful rules from such huge repositories of data, are
becoming increasingly important for purposes such as of offering better
service or care, or obtaining a competitive advantage over different
problem�s solving strategies or methodologies [1]. In particular,
embedding Machine Learning technology into IDS� systems seems to
be well suited for medical diagnostics in specialized medical domains,
namely due to the fact that automatically generated diagnosis rules
slightly outperform the diagnostic accuracy of specialists when
physicians have available the same information as the machine.

1 Introduction

The time has come for the global medical practice constituency to deliberate the case
for international standards in medical practice, and reach consensus about better
healthcare of populations through medical programmes suited to societal needs. This
goal conforms a problem that may be approached in terms of learning agent�s shells
and methodologies for building knowledge bases and agents and their innovative
application to the development, among others, of Intelligent Medical Diagnosis
Support Systems. Building upon this perspective to problem solving, a Computational
Environment that supports Medical Diagnosis based Systems (MEDsys) was
developed, making the amalgam of knowledge discovery and data mining techniques
via an hybrid theorem prover that combines the potential of an extension to the
language of Logic Programming, with the functionalities of a connectionist approach
to problem solving using Artificial Neural Networks. The majority of Computer
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Vision applications used in diagnosis processes in Medical Imaging involve real time
analysis and description of object  behaviour from image sequences. Computer Vision
is also one of the main subfields of Artificial Intelligence (AI), dealing with problems
related to recognition, evaluation and manipulation of conceptual descriptions of the
world. Indeed these Extended Logic Programming (ELP) programs define the
extension of an input-output mapping relation, that make the building blocks  of the
so-called Artificial Neural Networks (ANNs); i.e., proving ELP goals one may define
ANNs topologies. ANNs that present properties such as non-linearity learning, input-
output mapping, adaptability and noise tolerance, being therefore perceived as natural
candidates as diagnosis tools. The recognition of more abstracts conceptual
descriptions involves the recognition of events in terms of ELP programs,  which are
considered as primitives and that can be accepted directly by the lower layers of an
image evaluation system, in terms of ANNs.

2 A Computational Environment that Supports Medical
Diagnosis Based Systems

An architecture that is envisaged to support the computational environments for the
MEDsys is a model of an intelligent information processing system, in terms of its
major subsystems, their functional roles, and the flow of information and control
among them. Indeed, many complex systems are made up of specialised subsystems
that interact in circumscribed ways. The benefits of this architecture also applies to
the design of intelligent agents, entities that interact with their environments in
flexible, goal-directed manners, and are understood as logical theories or logical
programs in their own right. The intelligence of the system as a whole arises from the
interactions among all the system�s agents. The system�s interfaces are based on Web-
related front-ends using HTML pages, that can be accessed using a standard Web
browser. The system structure or architecture is depicted in Figure 1, in terms of the
entities:

The Server Agents, which were mainly developed using the C (GTK) language for
the LINUX operating system, being responsible for acquiring Information from the
DICOM devices (DICOM server) and from the Hospital Information system;

The Knowledge agents, which present themselves as LINUX supported
applications, were developed using the C (GTK) language and implement the
system�s ANN�s;

The Monitor agent, that was mainly developed with CGI and PERL. This module
provides a front-end to the administrator and is used for system configuration;

The Physician Diagnostic Support Agents, which were mainly developed with CGI
and PERL. This module provides the physician front-end to the system, either for
image consultation, or in terms of diagnosis; and

The Resource agent, that was mainly developed using the C (GTK) language for
the LINUX operating system, and is responsible to maintain the server�s resources at
appropriate levels.

Such an approach can provide decision support, with the radiologist conducting a
form of dialogue with the technicians to query the knowledge base and test
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hypothesis. The strategy is to compare a modality independent model with the image
via an intermediate symbolic feature space. The system is characterised by the use of
explicit anatomical models and for the visualisation of the anatomical structures
identified in the image segmentation.
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The anatomical model make a major component of the system, and is organised in
terms of a semantic network. The inference engine handles the decision making
proceedings during the process of segmenting major anatomical landmarks. The
primary goal of the work reported in this paper is to emulate the radiologist�s
expertise in the identification of malfunction regions (e.g., in Computer Tomography
(CT) through the use of a combination of pure symbolic systems and the use of
computational pattern recognition techniques provided by the ANNs paradigm). One
also aims to minimise the number of unnecessary medical interventions which might
otherwise be necessary to make an accurate diagnosis. CT  has some advantage over
other imaging modalities, once it can provide images of tissue with a variety of
contrast levels based on a simple adjustment of the window width and level of the
image�s raw data; i.e., it provides information that is not seen on film [2],[3]. In order
to implement this system, distributed by nature,  internet technology was used on the
side of the end user (i.e., the radiologist), and LINUX supported applications on the
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other side (i.e., the processing one). The intranet was implemented using a PC with
LINUX as operating system, and an Apache WEB server. Outside connections were
achieved via a  ISDN router with RAS (Remote Access Service). The image server uses
a PC with LINUX as operating system, and a ODBC SQL-compliant RDBMS for
database support. Browsing  is done with Netscape�s browser with a DICOM viewer
plug-in running on a  PC with Windows as the operating system. The DICOM image
server supports the medical interface � this window sets the via for the visualisation
and exploration of original DICOM 3.0 data from CT, MRI, etc. It provides the user
with interactive image visualisation functions (e.g., graylevel windowing).

3 A Computer Tomography Diagnostic System � A Case Study

The process of development, analysis and use
of one�s Computational Environment that
supports  Medical Diagnosis based Systems for
Computer Tomography is now depicted below,
and some results are presented. One modality
was used, the Axial Computed Tomography
one, under a GE prospeed equipment. The
images were in RAW data (DICOM) format,
and 188 images were selected. The selected
images refer to the section of the head that
passes through the apex of the squamous part
of the occipital bone and the frontal sinus (Figure 2). The knowledge agent was
configured as a  multilayered feedforward ANN with one hidden layer, bias
connections, the logistic activation function and RPROP training. 25% of the selected
images were used as test cases. The input layer of the ANN is made of the normalized
values for each image, plus the patients sex and age. The output layer is made of its
diagnostic. The images, the patients
sex and age were presented to two
physicians that pronounced their own
judgment according to what is
depicted in Table 1 (notice that some
of the images point to more than one
pathology). It is interesting to note
that under the same circumstances
and based on the same information,
judgments of the two physicians only
match on 78% of the cases (Table 2), which points to
the necessity of further judgements or opinions,
something that can be at the doorstep by using
intelligent medical systems of type MEDsys.

The images of Figure 3 were pre-processed and
normalized. In Figure 4 this information is given in a
graphical mode. Notice the difference between
images that revealed no pathologies and images that revealed atrophy.

 

Figure 2 � The selected body�s section under study 

Physician A Physician B
Normal 125 125 111 111
Atrophy 48 62
Isquemic Lesions 12 24
Hemorragy 6 7
Malign Tumour 3 3
Normal Variants 4

73

5

101

Table 1 -  The physician�s judgments.

Table 2 -  The physician�s match 
or agreement. 

 Cases 
Agree 147 78% 
Partially agree 15 8% 
Disagree 26 14% 
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Images presenting no pathology: Normal 
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Images presenting a pathology: Atrophy 

Figure 3 � Sample images 

The results from the  ANN for
three different pre-processing and
normalization techniques, leading to
three different ANN�s topologies and
given as output one or more out of
five possible pathologies as
diagnosis, were quite good (e.g.,
when using  the first technique, in 47
test cases the system presents 31
correct results with a standard
deviation (std) of 2,46). Changing
the configuration of the ANN so that
the output is binary, an indication of
the existence or not of a pathology,
then the results get much better. In
47 test cases the system gave 39 correct results with a std of  1,5. The golden standard
the ANNs are trained upon and based on scientific methods which aims to derive
mathematical models that may be useful to understand and exploit phenomena,
whether they be natural or human made. Learning with ANNs can be viewed as just
such a phenomenon. On the other hand a fuller theoretical analysis and understanding
of their machine�s performance has been a major research objective for the last
decade. Indeed, the results presented in this work follow such a pattern, coming from
a computational learning system based on Mathematical Logic, with fewer
assumption than the physicians use to do, and make the way to stronger statements
than, for example, the frequently used Bayesian analysis. Since the results are
presented in terms of a percentage, the system not only gives a diagnostic but also
indicates a measure of its accuracy or correctness.

Figure 4 � The graphical representation.
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4 Conclusions

The ultimate goal of this work is to increase the awareness and acceptance of
Intelligent Data Analysis (IDA) within the medical community through the
development, adaptation or reuse of knowledge based systems to cope with specific
medical problems. It is also believed that to increase the chances of utilising these
tools within clinical practice, the IDA�s process gains from interaction with the
physicians in all its phases, beginning with the procedures of data gathering and
cleansing, to evaluation and exploitation of results. Indeed, one of the interesting
aspects of the present work is in the involvement of the physicians in the preparation
of data for IDA�s processes (e.g., data representation, modelling, cleaning, selection,
and transformation). All that was stated above is only the beginning of a long story
for IDA�s systems in the portuguese health-care institutions. As a part of the project,
pilot projects are being launched involving portuguese counties in the north of
Portugal, and suppliers for the health care sector.
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Abstract. This work presents a new system for real time breast abnormalities 

detection that could be related to a carcinoma, taking as input a digitized mam-

mography, in order to assist radiologists in their mammography interpretation 

task. The system built has been designed to the parallel detection of microcalci-

fications and breast masses. Algorithms based on mathematical morphology 

combined with dynamic statistical methods are employed in microcalcifications 

detection. Histogram analysis of the digitized mammogram and a modified ver-

sion of the watershed algorithm have also been used for breast masses localiza-

tion. The output given by the system consists on a set of suspicious regions of 

being a carcinoma located in the original digitized image. A clinical database 

has been built for testing purposes comprising 690 mammographic studies for 

which surgical verification is available, 392 of them obtained in 1997, and the 

rest in 1998. 

1   Introduction 

Broad implementation of screening recommendations to enable the early diagnosis 

of breast cancer [1] will generate a large volume of mammograms that must be inter-

preted by radiologists. However, if a computerized detection system could assist radi-

ologists by indicating locations of suspicious abnormalities in mammograms, the ef-

fectiveness and efficiency of the screening procedure might be improved. It is also 

very important, apart from breast masses detection, to be able to detect microcalcifica-

tions as soon as they appear since between 30% and 50% of breast carcinomas dem-

onstrate microcalcifications on mammograms [2]. 

Several investigators have attempted to analyse breast abnormalities with 

computerized schemes. Threshold segmentation algorithms have been applied with 

other techniques based on left and right breast comparison [3]. The major problem in 

many of the algorithms developed is the great amount of parameters needed to be 

adjusted, so researches for the automatic tuning of these parameters have been carried 

out [4]. 
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Other researches have focused on studying different techniques for automatic local-

ization of microcalcifications as a presenting sign in most of breast cancers. Mathe-

matical morphology has been widely employed with this aim in both, computerized 

detection [5] and feature analysis of microcalcifications[6]. Asynchronous dynamics 

for the iterative computation of morphological image filters has also been applied to 

improve the convergence efficiency of such operators [7]. 

A system for automatic real time detection of microcalcifications and breast suspi-

cious masses of carcinoma is presented. This system takes a digitized mammogram as 

its input, and gives as its output the same image where white squares are placed in 

those suspicious areas of having a carcinoma. The procedure has been developed 

employing mathematical morphology techniques [8] combined with dynamic thresh-

olding algorithms, signal analysis of the image histogram and the watershed algorithm, 

based on a modified version of the multiscalar gradient algorithm [9]. 

The structure of the system is modular and it is divided into two subsystems that 

work in a parallel way: the Microcalcifications Detection Subsystem (MDS) and the 

Nodule Detection Subsystem (NDS). The outputs given by these two subsystems will 

feed both microcalcification and nodule classifiers, now in progress stage, in order to 

give a final diagnosis of the detected abnormalities in the mammography. 

A clinical database has been built for test purposes comprising 690 mammographic 

studies, 392 of them obtained in 1997, and the the rest in 1998 from the Department of 

Radiology of the University Hospital “12 de Octubre” in Madrid, Spain. 154 mammo-

graphic studies have been randomly chosen from the database having microcalcifica-

tions in 104 of them to test the MDS. Other 90 clinical studies, having any kind of 

breast mass in 60 of them, were chosen to test the NDS. 

2   Microcalcifications Detection Subsystem 

Starting from a whole digitized mammography, microcalcifications detection sub-

system employs in first place an initial filtering stage where the top-hat algorithm is 

used with a squared structuring element of 21x21 pixels. Figure 1 shows a detailed 

section of a mammography where microcalcifications can be seen inside a nodule an 

in one of its spiculas, while figure 2 shows the image obtained from this step where 

small areas appear to be highlighted over the rest of the pixels.  

The second step consists on a novel dynamic statistical method is applied to obtain 

the threshold value h in order to decide which of the pixels of the image obtained in 

the previous step are really microcalcifications, and which are not. To do this, atypical 

grey-level values of figure 2 are calculated using the following formulas: 

 

Ul = q3+1.5 (q3-q1)  Ll=q1-1.5(q3-q1) 

 

Where q1 is the first quartile of the sample, and q3 is the third one. Once these val-

ues have been obtained, it is considered that a point is atypical if it is greater than the 

upper limit Ul or lower than the minimum limit Ll. So h = Ul. All pixels with a grey-

level value greater that h are considered that belong to a microcalcification. 
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Fig. 1. A detailed section of interest where 

it can be better seen microcalcifications 

inside of a nodule on the left and inside of a 

spicula on the right. 

 

Fig. 2. The results obtained after the morphologi-

cal top-hat operation has been applied. 

Fig. 3. Points obtained as micro-calcifications 

after threshold segmentation. 

Fig. 4. The results obtained after the morpho-

logical top-hat operation has been applied. 

Figure 3 shows the same section studied after this thresholding step has been ap-

plied. All pixels belonging to microcalcifications appear in white colour (gray-level 

value of 255) and all of the rest of the points in black colour (value 0). 

Finally, those regions where a cluster of microcalcifications (small regions of breast 

tissue having more than 5 microcalcifications) has been detected, is highlighted by a 

white square as a breast abnormality that could be a carcinoma. This result is shown in 

figure 4. 

3   Nodule Detection Subsystem 

It has been seen that the histograms of all digitized images have a similar shape, as 

the one showed in the figure 5. Firstly it has a great quantity of pixels close to the 

value 0, that corresponds to the mammography background (the height of the histo-

gram has been cut in the value 31000 with the purpose of being able to observe the 

details better). Afterwards, a sudden fall has occurred and the number of white pixels 

decreases (point 1), until a minimum is reached (point 2), that is a value near the sepa-

ration between the background of the mammography and the breast tissue. From the 
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From the point 2, the histogram is increasing again (point 3) until it reaches a maxi-

mum (point 4), (it is possible to find one or two maximums depending on the mam-

mography) and it decreases again. All the area corresponding to the points 3,4 and 5 

are pixels belonging to breast tissue. If there exists a big quantity of sudden sharp 

peaks in region 5, due to the existence of atypical white pixels, then it is a histogram 

concerned with solid tissue breasts. A nodule could be hidden in one of the peaks.  

 

H isto g ram

0

5000

10000

15000

20000

25000

30000

0

1
4

2
8

4
2

5
6

7
0

8
4

9
8

1
1
2

1
2
6

1
4
0

1
5
4

1
6
8

1
8
2

1
9
6

2
1
0

2
2
4

2
3
8

2
5
2

G ray-Le vel V a lues

N
u

m
b

e
r 

o
f 

P
ix

e
ls

5 
4 

3 

2 

1 
C 

B
A

Fig. 5. Points obtained as micro-calcifications after threshold 

segmentation. 

Fig. 6. The input image where 

the markers have been placed 

inside the suspicious regions. 

 

As a consequence of what is previously exposed, NDS places markers (small white 

areas) inside those suspicious regions of being a carcinoma due to the presence of an 

abnormal mass detected by the presence of an unusual peak in region 5.  

Due to the sharp irregularities existing in the breast tissue, there ere many more 

minima in the mammograms than regions of interest. If watershed algorithm is directly 

applied on image of figure 6 then, the over-segmentation effect is produced. In order 

to avoid this problem, a new previous processing of the image to be segmented has 

been designed to be used before employing watershed algorithm. This procedure is 

based on the utilization of the morphological gradient operation, and is called eroded 

multiscalar morphological gradient algorithm (EMMGA). 

EMMGA consists on the successively application of the morphological erosion of 

the gradient operation using a larger structuring element each time until a given size is 

reached (29x29 pixels for practical considerations). Finally a new image is obtained as 

the average of all the images obtained in each application of the eroded gradient op-

eration with a different structuring element. Figure 7 shows the output given by the 

watershed algorithm after EMMGA operation has been applied for each of the three 

suspicious regions where the system has placed a marker. It can be seen how the 

masses are perfectly segmented. 
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Fig. 7. The three regions of interest (A, B and C) where the system has placed the markers have 

been now segmented using watersheds and multiscale gradient algorithm. 

4   Results and Additional Examples 

To test the MDS, 154 clinic cases were studied (taken from the 690 available in the 

data base), being normal breasts 50 of them and showing microcalcifications in 104. 

Another set of 90 cases has been taken to test the NDS showing a nodule with or 

without microcalcifications in 60 of them, and being the remaining 30, normal breasts.  

The receiver operating characteristic (ROC) curve is constructed to test the accu-

racy of the MDS in detecting microcalcifications. The area Az under the ROC curve 

measures the expected probability of the correct classification. A value of Az near to 1 

indicates that the algorithm can correctly detect microcalcifications with a small error. 

The area under the ROC curve obtained by the MDS was calculated by numerical 

integration giving a result of Az=0.83 which is quite good level. 

 

Fig. 9. Two difficult cases are presented, showing one of the views in each case. In both, the 

original image is presented with a black circle indicating the presence of a nodule, then the 

final output of the system is also showed. The black circle has not influence in the results. 

 

To test NDS, each of the 90 clinic cases of study were individually presented. The 

system gave a 16% of false negatives, which is unacceptable. However, radiologists 

use both mediolateral and craneocaudal mammographic views in order to make a 

study. The developed system works in the same line: NDS analyses both mammo-

graphic views for each breast to obtain all suspicious regions due to abnormal masses 

B 

N 

M 

N 

N 

M 

N 

N 

M 
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in the breast tissue. This way all the false negatives obtained in one of the views were 

detected as positive in the other one, getting a final 0% of false negatives. 

Two additional example cases are shown in figure 9. These cases have been chosen 

because of their nodule and microcalcification detection complexity as these abnor-

malities are inside dense regions of the breast and they are harder to see. For each 

case, the original mammogram used as the input to system and the final output are 

shown, indicating if there is an abnormal mass (N), a clustered microcalcification (M) 

or both (B), for each one of the zones defined as suspicious by the system. 

5  Conclusions 

A new system able to detect cancer suspect areas has been presented, taking as in-

put a digitized mammogram. These suspicious areas can be determined by the system 

because of the presence of clustered or isolated microcalcifications, or abnormal 

masses in the breast. So the system bears in mind the two most important factors in 

early breast cancer detection. The proposed system employs both mediolateral and 

craneocaudal mammographic views. This feature allows the system to reduce the 

number of errors in nodule and microcalcification detection. 

This system could be actually used to assist the radiologist indicating all these 

suspicious areas to be studied, reducing the total diagnostic time. Our research is now 

focused on developing the classification module for microcalcifications and nodules 

from which a final diagnosis will be obtained. 
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Abstract. In this article we present a new method for unifying hetero-
geneous databases. We propose the unification at the level of concep-
tual schemas in a two-step process. First, the internal database schemas
are mapped to conceptual schemas in a user interactive process. These
schemas are then automatically integrated, creating a virtual repository.
Virtual repositories give users the feeling of working with single, local
databases and can be used for epidemiological research (e.g. data anal-
ysis) or clinical practice. We implemented the proposed method in a
tool for accessing medical information from remote databases located at
different machines with different technological platforms in the Internet.

1 Introduction

The development of Internet has increased dramatically the exchange of informa-
tion during the last decades. In medicine, the large number of databases (e.g.,
medical records, health services, trials) and the deployment of the Web make
necessary new models to search, and access information from remote sources.

Some models have been proposed to use Internet as the information infras-
tructure to exchange information among multiple remote sources. In one of these
proposals, national databases could be accessed and fed from multiple remote
sites [5]. Thus, these databases could store national information about topics
such as outcomes research, clinical trials, and so on. The information needed
to maintain and increment this database would come from health sites such as
hospitals, research laboratories, pharmaceutical companies and so on.

The development of the World Wide Web has modified the technical features
that this model should present. Thus, the concept of virtual databases appears.
A virtual database is a database, which is not physically available, but acts like
a real database and can integrate data from different sources.
� Financial support for this research was provided in part by an FPI grant from the
Madrid regional government and by “Fondo de Investigación Sanitaria” (Spanish
Ministry of Health).
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Examples of virtual databases can be found in research projects carried out
at different sites. In [6], a consortium of Boston research groups has proposed a
virtual medical record. This medical record is the result of an aggregation from
previously existing medical records at various Boston hospitals. A physician
can retrieve a specific patient record and visualize the record’s content using
a WWW browser. Patient data have been unified from records located at the
different databases and integrated to create a single view. HL7 was used to
facilitate exchange of information among different information systems.

Another project at the National Cancer Institute [4] aims to integrate differ-
ent centres participating in research projects (e.g., clinical trials). This integra-
tion is carried out over the Web merging the contents of databases and linking
various information systems. Virtual databases are again necessary to facilitate
access and use of remote information for research and analysis purposes.

In this report, we present a tool for creating virtual repositories (VR) from
sets of remote databases. The work is based on the idea that a set of databases
builds an information space, which can be described by a single schema and used
in tasks like information search, data mining, and data analysis.

When unifying heterogeneous databases, two levels of heterogeneity have to
be considered: i) different technological platforms (machines, operating systems,
and DBMS), and ii) different database schemas or underlying conceptual data
models. While the first two aspects require rather technical solutions the latter
is of a more conceptual or theoretical kind. Even though different databases
may contain information from the same area or context, they will usually have
different internal schemas. Thus, in order to integrate existing databases it is
necessary to map their local schemas to a common global schema. Such a global
schema constitutes the core of the proposed system.

In Sect. 2 we present our database integration approach. Sect. 3 describes the
general architecture of the system. Sect. 4 gives some conclusions and directions
for further research.

2 Unifying Heterogeneous Databases

Integrating heterogeneous databases is usually a tedious task that requires a deep
analysis of the internal schemas of the databases in order to identify the cor-
respondences of data structures. There, the following aspects have to be taken
into account: i) different naming conventions, ii) structuring of the same in-
formation in different ways, iii) hierarchical relationships between entities (e.g.
tables), iv) different units for values, and v) duplicated and/or inconsistent data.
A normal approach is to define a common schema and to map each database’s
internal schema to this schema ([2], [6]). This approach, however, is very in-
flexible and new databases can only be integrated if they can be mapped to
the common schema. Thus, the systems support only data of a specific domain.
We propose a domain independent approach, which is based on the idea that
in many occasions a “perfect” integration is not necessary. We do not address
the aspects related with the data itself and approach unification at the abstract
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level of conceptual data models. With this assumption, database integration can
be semi-automated. First, we represent each database in form of a conceptual
schema (mapping process) and, then, we unify these schemas obtaining a con-
ceptual schema that reflects the structure of the information space composed by
the set of databases (unification process).

Conceptual schemas consist of classes, attributes and relationships. Their
aim is to reflect the conceptual structure of real world entities rather than the
internal structure of data in databases. We say that structured data forms an
information space whose structure can be represented by a conceptual schema.
We call this information space virtual repository. To describe conceptual schemas
formally, we introduce the notion of a domain D. A domain represents the pos-
sible descriptors of the structural elements of an information space. A domain D
contains a set of class descriptors CND, a set of relationship descriptors RND,
a set of attribute descriptors AND, and a relation CHD ⊂ CND × CND. An
element (cni, cnj) of CHD described the fact that the class described by cni

includes all instances of the class described by cnj. Thus, CHD defines a set of
hierarchical trees on class descriptors where a class descriptor at a higher node
is a generalization of the class descriptors at lower nodes. We assume that CND,
RND, and AND are repetition free set, and that they are synonym-free, that
is, there is only one descriptor for each conceptual entity. We define a concep-
tual schema for an information space of a given domain D by CSD = (C, R).
C is a set of classes {c1, . . . , cn}, where each class ci is a tuple (cni, ANi), with
cni ∈ CND is the class descriptor and ANi ⊆ AND is the set of attributes
of class ci. R = {r1, . . . , rk} is the set of relationships defined on the classes,
where ri = (rn1i, rn2i, c1i, c2i). c1i, c2i ∈ C are the related classes, rn1i ∈ RND

is the name of the relationship leading from class c1i to class c2i and rn2i ∈ RND

is the name of the relationship leading from class c2i to class c1i.
If two conceptual schemas CS1

D = (C1, R1) and CS2
D = (C2, R2) are defined

on the same domain they can be unified to a schema CSu
D = (Cu, Ru) using the

following algorithm:

Unify(CS1
D, CS2

D)
1. Cu = ∅, Ru = ∅
2. Order the classes of C1 ∪ C2 into families CFi, such that:

∀ck, cj ∈ C1 ∪ C2 : ck and cj belong to the same family iff.
their descriptors belong to the same tree in CHD.

3. For each family CFi = {(cn1, AN1), . . . , (cnm, ANm)}:
create a new class (cni, ANi) in Cu, where:
i) cni is the most general descriptor of {cn1, . . . , cnm} and
ii)ANi = AN1 ∪ . . . ∪ ANm

4. Create the set of relationships Ru:
4.1. Ru = R1 ∪ R2

4.2. For all relationships (rn1, rn2, c1, c2) ∈ Ru:
substitute c1 and c2 by the classes representing
c1 and c2 in Cu as specified in step 3.

4.3. Eliminate duplicate elements from Ru



A New Method for Unifying Heterogeneous Databases 57

5. Return CSu
D = (Cu, Ru)

End Unify.

The returned schema CSu
D represents the structure of the information space

composed by the schemas CS1
D and CS2

D. If these schemas correspond to two
databases DB1 and DB2, then CSu

D is a VR for the union of DB1 and DB2.
It should be noted that database entities might be represented by more gen-

eral entities in a unification schema and relationships may be ‘passed’ from
specific classes to more general classes. Also, instances of a class in the VR
do not necessarily contain values for all attributes. These facts can be seen as
limitations of the approach, since they may cause a loss of specificity.

The aim of the mapping process consists of finding the conceptual schema of
a particular database and a given domain D. This is done in four steps:

1. Select the tables and fields that provide useful information,
2. Select descriptors for these elements from the sets CND and AND,
3. Identify the conceptual relationships between the mapped tables and the

fields that represent these relationships in the database,
4. Select appropriate descriptors for the relationships from the set RND.

While the unification process is fully automated, mapping requires user inter-
action. In a certain sense, mapping reverses the process of database modelling.
A conceptual schema is obtained from an internal database schema. The user
should only select those structural elements of a database that provide real world
information and that he wants to offer to the system. In the third step, the fields
that join tables in the database to reflect relationships have to be identified. (If a
conceptual relationship corresponds to a chain of relationships in the database,
the chain of field correspondences has to be specified.) All mapping information
is stored and can be used later to translate queries the VR receives.

The mapping process requires the existence of the sets of descriptors CND,
AND, and RND, and the unification process requires the hierarchical relation on
the class descriptors CHD. This meta information may be fixed before mapping
and unification takes place. This, however, requires that all possible entities,
attributes and relationships that may exist in the databases are known. We
propose another approach, where the domain increases with the incorporation
of new databases. Initially the domain is empty. When the first database is
mapped the user chooses appropriate descriptors at his one discretion. These
descriptors are added to the domain. In each successive mapping the previously
chosen descriptors are presented and a user should preferably use them. Only
if none of the descriptors represent the concept of an element well enough the
user may choose a new descriptor. This is added to the domain. In this way no
previous knowledge of the whole information space is necessary and it is assured
that the conceptual schemas for all mapped databases are defined on the same
domain. Thus, unification can be automated.
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Fig. 1. System architecture based on CORBA

3 System Architecture

The system’s architecture is based on CORBA, the Common Object Request
Broker Architecture [3]. It allows the creation of individual components that each
accomplishes a particular task and which are connected over some network. Using
CORBA has three basic advantages over traditional client-server architectures:
i) separation of the communication part from the components, ii) solving the
communication between objects written in different programming languages and
located on different technological platforms, and iii) new components can be
easily plugged into the system.

Fig. 1 shows the components of the system. For each connected database
(DBi) there exists a Database Server, DBSi, which acts as a bridge to the
database for other objects. VRs, obtained through mapping or unification, are
controlled by Virtual Repository Servers, VRS. VRSs have two basic tasks: i)
offering their schemas for unification, and ii) solving queries. The Control Sys-
tem provides the mapping and unification facilities and the domain information,
and maintains a register of connected objects. Each object inscribes itself in this
register when it starts and eliminates its entry when it finishes.

The system offers two basic interfaces: i) configuration, and ii) information
access. The configuration interface facilitates the creation of new DBSs, the
creation of VRSs via the mapping process, and the creation of VRS’s through
unification. To create new DBSs a user simply has to select the location of
the database and the access mode (currently database access is only possible
for ODBC databases). In the mapping process all currently registered DBS are
presented and the user is asked to select the database he wants to map. Then,
all data elements (tables, fields, and relationships) of the selected database are
presented and the user can ‘pass’ elements to the new conceptual schema. This
is done with a graphical interface. For the task of descriptor selection the set of
currently available descriptors is presented. If a user chooses a new descriptor it
is added to this set. In unification, a list of all registered VRs is presented and
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the user simply has to select those that he wants to unify. The system creates
automatically the server object for the new virtual repository.

All DBSs and VRSs can be stored as persistent objects and launched when-
ever it is desired. Each VRS stores internally its conceptual schema, a reference
to its children (underlying repositories or databases), and the information on the
correspondences of its schema to the children’s schemas. That is, VRSs created
with mapping store the mappings of the conceptual schema to the corresponding
internal database schema, and VRSs created with unification store the mappings
of their schema to the schema of each child.

The information access interface provides methods for retrieving data from
any of the connected VRs. It also provides functions to obtain the list of all cur-
rently connected repositories, their descriptions, and their schemas. We defined
a query language similar to SQL for querying VRs. When a query is launched
for a particular repository it is passed to the corresponding VRS. Each VRS
that receives a query translates it to a valid query for each of its children and
passes the query to the corresponding child servers. There, each VRS uses its
schema mapping information to translate the query. At the lowest level in the
hierarchy (VRSs obtained by mapping) the queries are translated to SQL and
passed to the corresponding DBS. Results are returned the same way back, and
each VRS merges the results received from all of its children. Finally, the data
access interface passes the results to the calling application.

The use of the system may be various (e.g. information search tool, data
analysis, clinical trials). At the current state we have created an information
search and navigation interface, which is accessible from the Web. The user
connects to the system and selects an available repository. After selecting a
repository its set of classes is shown. The user is asked to select a class and to
specify the attributes and/or related classes he is interested in. Filters may be
specified for the attributes. Then, a search is started and the results are presented
in form of tables. Each column corresponds either to a selected attribute or to a
selected relationship. Relationships are presented as links to the related records.
In this way the information space can be explored by navigating along the links.

4 Conclusions

Virtual repositories are strategic tools for modern biomedical research. The rapid
development of the WWW has facilitated the exchange of information among
researchers at different sites. This new environment has been one of the main
causes of the success of the human genome project. An enormous amount of
genomic information is now available to genetic researchers. Bioinformatics has
become an emerging discipline attracting resources and professionals to facilitate
the integration and manipulation of genomic information. Thus, new tools are
needed to access, integrate, and use genomic information for research purposes.

In this paper, we described a new model for creating virtual repositories that
integrate data from heterogeneous remote sources. Our research was motivated
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by the need of linking data from heterogeneous sources, including genomic and
clinical information. This idea has been reported elsewhere [1].

The architecture of the proposed system is very flexible and allows each of the
components to be located on a different machine connected over Internet. The
integration of new databases into the system is simple and can be done without
any changes to the system. The architecture also permits the creation of several
virtual repositories where each is composed of a different set of databases. Thus,
different views of the accessible information space can be provided. This may be
used to specify security levels, or, it may be used to group similar information
together in specific repositories, but maintaining at the same time a general view
of the whole information space.

Compared to other database integration methods our approach does not
require a previous definition of a common schema. By splitting database inte-
gration into a unification and a mapping process, manual intervention is only
required in the latter. And there, the person that is doing the mapping does
not need to know the structure of all connected databases; he just has to know
his particular database. A common schema is obtained in the fully automated
unification process.

In some scenarios a very specific common schema is required or the schema
is known beforehand (e.g. clinical trials). In such cases, the databases can be
mapped directly to the defined common schema in the mapping process. Then,
unification is straightforward and the previously defined common schema will
reflect the structure of the obtained virtual repository.

There are some limitations that we plan to solve in the future. At the cur-
rent state our tool does not consider hierarchical relations for attributes. Also,
attributes and classes are considered as separate entities. In some occasions,
however, an attribute-class unification mechanism may be necessary. Finally we
plan to apply the tool in a real world case to integrate various databases with
genomic information in the Institute of Health Carlos III in Madrid.
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Abstract. The analysis of physiological signals (EEG, ECG EOG) of
drowsy and alert drivers described here is aimed at determining the fa-
tigue level of the driver while driving. We tested possible fatigue indi-
cators: 1. extracted from EEG spectrum; 2. based on blinking frequency,
interval histogram and speed of blinks; 3. fractal properties of RR inter-
val-series. The first group of indicators is assumed to provide informa-
tion about immediate fatigue level, whereas groups 2 and 3 are more
suitable for determining the driver�s global state (alert/drowsy).

1 Introduction

In this paper, we continue on our research on detecting fatigue states of a car driver
[1]. Various technical signals provided by the car (longitudinal and lateral accelera-
tion, steering wheel angle), physiological and behavioural signals of the driver (EEG,
ECG, EOG, video-recording of the driver�s face) are recorded during the experiments.
All the experiments are performed in a real on-the-road environment.

The relationship between physiological signals and fatigue while driving have been
studied previously [2], [3], [6]. However, only basic information about the driver�s
state was usually known: his/her fatigue level during all the drive (persisting 20 min-
utes or more). In our research, we focused on the immediate fatigue level measured in
1-minute long intervals.

Currently, the fatigue level of the driver is being determined by a group of 10
evaluators on the basis of 1-minute long segments of video-recordings of the driver�s
face. This process is the most time-consuming part of the project, so other ways are
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being sought. We are trying to develop an automatic fatigue level estimator based on
analysis of physiological signals. The research is supported by MSM210000012 grant.

2 Spectral Indices of EEG

An EEG signal most probably contains sufficient information for a quality estimate of
the driver�s fatigue state. The perceptive, cognitive and control processes active dur-
ing driving visualise themselves through the electrical activity of the brain. However,
the complexity of the EEG signal makes this task less than easy. Various authors have
proved that it is possible to distinguish between a drowsy driver and an alert driver by
analysing large EEG segments (half an hour or more), but we aim to monitor fast
fatigue changes (in the scale of minutes).

2.1 Methods

EEG is often analysed for the dominant rhythm and presence of alpha, beta, theta etc.
waves. De Waard et al. [2] suggested a relative energy parameter [(alpha + theta) /
beta] as an indicator of the activation level of the driver. Kecklund and Akerstedt [3]
showed earlier that the energy in the alpha and theta bands decreases rapidly during
prolonged drives. The changes in theta to beta ratio for patients with chronic fatigue
syndrome was examined in [10].

Here, we investigate the behaviour of 6 spectral indices: alpha, beta, theta, ind1,
ind2 and ind3. Parameters alpha, beta and theta are calculated as the integral of the
energy of the corresponding frequency band, ind1 is defined as [alpha+theta]/beta,
ind2 is equal to the ratio alpha/beta and ind3 is theta/beta. The window width for the
Fourier transform varies in the range from 1 second to 1 minute: the upper limit is
equal to the sampling frequency of fatigue, while the lower limit is below the desired
minimal resolution. Input EEG contained 19 standard channels sampled at 250 Hz. To
reduce noise from eye blinks, additional differential leads were used, which gave
51 leads in all (19 unipolar leads and 32 neighbouring differential leads). Finally, the
strength of the relationship between a certain index and fatigue level was examined by
the linear correlation coefficient.

2.2 Results

We did not find a significant difference among the 6 tested indices; in some EEG
records ind1 is the best indicator of fatigue, in other cases ind2. The highest correla-
tion of all reached value 0.77 (record s14), but the average value of correlations was
0.21, which is a very poor result. As supposed, differential leads gave better results
than unipolar leads.  It can be concluded that, unfortunately, the information about
fatigue is spread over a wide range of frequencies. The region in the neighbourhood of
the P3 electrode provided a significantly higher correlation to fatigue than other re-
gions. On the other hand, the region in the frontal cortex is related to fatigue only very
weakly. The highest average correlations were reached using bipolar leads a) C3-T3 in
combination with index ind1; b) C3-P3 and ind1; c) P3-O1 and ind2.
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Fig. 1. Indices alpha and ind2, record s08, drowsy driver

3 Eye Blinking Analysis

Eye movements and blinking are assumed to be a significant indicator of driver fa-
tigue. Blinking is required for lubricating and cleaning the corneal surface, but many
blinks are controlled by the central nervous system rather than by environmental proc-
esses [7]. Blink amplitude, blink rate, and average closure duration are commonly
used indices of fatigue [8].

3.1 Methods

The oculograms of alert and sleep-deprived drivers (after 24-48h sleep deprivation)
were compared. The eye blinks were recognised as sharp peaks in the filtered signal.
The following properties of eye blinks were measured: frequency of eye blinks, dura-
tion between consecutive eye blinks, speed of eye closing and opening. The following
properties of eye blinks were measured: a) frequency of eye blinks; b) time interval
between consecutive eye blinks; c) speed of eye closing and opening.

3.2 Results

Frequency of eyeblinks. The mean number of eye blinks varied in a broad band be-
tween 10-20 eye blinks within a 30s interval. No significant differences were found
between alert and drowsy drivers (sleep deprived drivers usually blink more often than
alert drivers, but this is not a rule).

Time intervals between consecutive eye blinks. The time intervals between con-
secutive eye blinks were rounded to the nearest 0.2s, and their frequency polygons
were compared. We found that the frequency polygons do not differ in some drivers
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whether they are drowsy or not. However, other drivers produce a bimodal curve with
a small maximum at 0.5s intervals between two consecutive blinks (the mean interval
is about 1.6 s) in an alert state, and a unimodal curve when they are sleep deprived.
Some of the eye blinks occur in the form of bursts as a symptom of fatigue.

The �speed� of blinking. A comparison was made of the slope of the rising and sink-
ing edge of the peak representing eye blinks, and differences were found  between
alert and drowsy drivers. The rising part of the blink peak (= closing of the eyes) is
more appropriate for comparison. A drowsy driver blinks �more slowly� than an alert
driver. The slopes of the peaks of blinks in the oculograms are sharper in all  alert
drivers than in drowsy drivers.

Fig. 2. Frequency polygon of time intervals of consecutive eye blinks in an alert (s12) and a
drowsy (s14) driver

4 Distinguishing between Sleep Deprived and Non-deprived
Persons from RR Interval-Series Analysis

Motivation. Especially in the last 10 years, statistical and spectral properties of inter-
beat interval sequences (measured as the distance between two successive R-waves on
an ECG record, RR) have attracted the attention of researchers, and it has been shown
heart rate fluctuations carry much more information about neuro-autonomic control
than had previously been supposed.

4.1 Methods

In practice, the method of such analysis must be resistant to non-stationarities arising
trivially from the environmental conditions and changes in these conditions. On the
contrary, it must capture most of the fluctuations in heterogeneous HRV structure
which arise from the intrinsic dynamics of the human system itself. One methodology
that fulfils our requirements is estimation of selected fractal properties of HRV and
observing some scaling differences between sleep deprived and nondeprived groups.
There are many ways of doing this. One promising method, which was used in this



66      Bittner Roman et al.

work, is so-called Detrended Fluctuation Analysis (DFA). The DFA scaling exponent
d was proved to change with ageing (Iyengar et al., 1996) and to be one of the best
predictors of mortality in a patient after acute myocardial infarction (Makikallio et al,
1999).  Using this descriptor, we can measure long-range correlations in highly non-
stationary time-series. It works with �accumulated� time series � accumulation is
a step that can be interpreted as a mapping of the original (bounded) time series to an
integrated signal with a fractal behaviour. Then d is a self-similarity measure of this
fractal. If d=0.5 �> RR is uncorrelated (like white noise), if d=1.0 -> RR behaves as
�1/f� noise, if d=1.5-> RR behaves like Brownian noise (random walk). These values
arise from the fact that we are analysing accumulated series � this increases the usual
Brownian noise exponent 0.5 by 1 to 1.5. A detailed method description is given, e.g.,
in [9].

4.2 Results

Figure 3 displays the results of the DFA method applied to our experimental data
(details about experimental design are given in [6]). This figure clearly shows a region
of scales 2<n<3, where a separation between sleep deprived (crosses) and nonde-
prived (big points) is possible. The separation for this experimental group of persons
is 98 %. We should note that we are in fact using the exponent d as a scale-dependent
measure; there are at least 2 linear regions on log n-log y(n) graphs (the crossover
region is at scales around 1.2, as was originally reported in [9]). The manifestation of
changes in sleep-deprived and nondeprived persons occurs in the second region on
higher scales (n>2, 100 and more heartbeats).

We found differences in the scaling properties of accumulated heart interbeat inter-
val time series, from which we are able to classify persons into two groups: sleep
deprived and nondeprived.

We are now carrying out more experiments in order to verify this methodology and,
especially, its accuracy. For our first experimental groups the results are quite prom-
ising.

Fig. 3 Log n � log y(n) (sleep deprived � crosses, nondeprived - big points. The exponent d is
obtained as the local slope of each curve)
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5 Conclusion

The main purpose of our work is to find a sufficient and robust estimator of fatigue
level based on physiological and technical signals. In this paper, we present our first
experience with EEG, EOG and RR-series analysis based on simple mathematical
methods. Most of these �methods� were designed ad-hoc in order to satisfy our tech-
nical needs.

Spectral indices of EEG. The results indicate that the linear correlation between
spectral indices and fatigue course is weak. Therefore, a neural network for fatigue
estimation was designed, and it is at present being tested. We have confirmed the well
known fact that an EEG signal is very complex and no simple conclusions can be
drawn on the basis of our analysis � however we were able to spot the location of
leads with the best results, and found that differential leads give better results than
unipolar leads.

Eye blinking analysis. Frequency of blinking itself is not an appropriate indicator of
fatigue. We have a hypothesis that the blinking pattern of old drivers is similar to that
of young drowsy drivers (but there is not enough data yet to support or deny this
statement statistically). A correlation exists between the number of blinks and the
mean slope of the rising edge of the peaks in the same time interval.

RR interval-series analysis. It is necessary to investigate the physiological origins of
the results based on fractal HRV-analysis. In this field, much more work needs to be
done in the future. We speculate that a �simple� general reason (not only in our case
of �sleep-deprived� data) lies in the ability of the organism to respond to environ-
mental needs making effective use of its own metabolic resources, and that some
�shadows� of underlying complex processes are accessible for example through the
fractal scaling properties of biological time series (and we can explain this in terms of
persistence, long-term correlation or anticorrelation). However, this methodology is
very primitive. We plan to try using multifractal formalism in an attempt to specify the
local behaviour of biological time series.
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Abstract. Due to its legal, ethical, social, and psychological implica-
tions, the personal information dealt with in health-related documenta-
tion and information systems is highly sensitive and must be recorded,
processed, stored and communicated in a trustworthy way. Such docu-
mentation and information systems might establish comprehensive
Electronic Health Care Record (EHCR) systems or partial aggregation
of such data as done, e.g., in the context of clinical studies. Increasingly,
such systems are based on the Internet technology. They have to meet
approved and emerging protocols and standards of the domain. Within
the European HARP project, the HARP Cross-Security Platform has
been specified and implemented as an open transparent middleware for
providing enhanced services for communication security but especially
for application security such as policy enforcement and authorisation of
applications. The generic solution has been demonstrated for a multi-
centric quality assurance study in paediatric endocrinology.

1 Introduction

Documentation and information systems for health have to respond to the require-
ments of the domain. Such requirements are the support of shared care as the answer
to the challenge for efficient and high quality health care systems on the one hand and
the meeting of domain-specific policies on the other hand. Regarding shared care
information systems,  communication and co-operation must be implemented across
organisational, regional and even national borders. Due to its legal, ethical, social, and
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psychological implications, the personal information dealt with in health-related
documentation and information systems is highly sensitive and must be recorded,
stored, processed, and communicated in a trustworthy manner. The policy agreed on
defines the legal, ethical, social, organisational, functional and technical framework  to
be established for communication and co-operation. An environment meeting the same
policy forms a policy domain. Depending on the granularity of system specifications,
the domain can be refined into subdomains or aggregated to superdomains. Forming a
new domain requires the negotiation of a common policy, also called policy-bridging.
Examples for domains are single application components, workplaces, departments,
hospitals, regional or even pan-European networks [1].

1.1 Security Models

Regarding security in general, we have to look for the concepts of security, safety and
quality. Considering security issues, the concepts of communication security can be
distinguished from application security. Quality and safety are related to the latter one.
Within one concept, different levels of granularity and abstraction can be defined
defining a layered model of services, mechanisms, algorithms, and data [1, 2].

1.2 Security Services

At service level, communication security requires strong mutual authentication, related
control access to the other principal�s site, and accountability of communicating prin-
cipals, integrity, availability, and confidentiality of information communicated as well
as some notary�s functions.

Concerning application security services, authorisation, access control and ac-
countability of the authorised principal for objects as well as integrity, availability,
and confidentiality of objects, i.e., data and functions recorded, stored, processed, and
communicated have to be guaranteed. Furthermore, proper audit and some notary�s
functions must be provided.

1.3 The ONCONET Security Infrastructure

The trustworthy environment needed for healthcare communication and co-operation
is based on specification and implementation of security services mentioned. Most of
these services deploy cryptographic algorithms. For applying asymmetric algorithms
such as RSA or elliptic curves, e.g., to provide services for  both communication secu-
rity and application security, such as authentication, accountability, integrity and con-
fidentiality, a security infrastructure has to be established. In Europe, this Public Key
Infrastructure (PKI) is based on token for storing the private keys and for processing
(signing and verifying) the digital signature mechanism and encoding/decoding as well
as on appropriate Trusted Third Party (TTP) services.

At both the European level and the German national level, smart cards for health
professionals have been standardised as proper token [3, 4]. These Health Professional
Card (HPC) standards specify three key pairs for authentication, digital signature and
encoding/ decoding information or symmetric session key as well as corresponding



Secure and Interoperable Document Management over the Internet      71

key-related certificates, but also attribute certificates certifying the card holder�s role-
defining attributes. Also the legal, organisational and functional infrastructure frame-
work has been specified by the European Electronic Signature Directive as well as by
the European Electronic Signature Standards Initiative [5].

Supported by several European project�s results, the first German demonstrator of
an Internet-based secure health network following these standards has been imple-
mented by the Magdeburg Medical Informatics Department. This open network aims
to facilitate shared care of cancer patients in the region, therefore called ONCONET
Magdeburg / Saxony-Anhalt. More details about ONCONET can be found in [6].

For enhancing the clinical registry�s functionality, specification and implementation
of clinical studies and measures for quality assurance such as quality assurance studies
are currently under development. Like ONCONET, also these applications have to be
trustworthy, interoperable and shall run at the open Internet. They have to use the
security infrastructure of HPC and TTP services avoiding any proprietary architecture.

Regarding the Internet, interoperability leads to a closer connection of both com-
munication and application security services. The HARP project funded by the Euro-
pean Commission within the Information Society Technologies (IST) Programme
deals with enhanced security solutions and TTP services for Internet-based communi-
cation and applications [7]. The solutions concern secure authentication as well as
authorisation of principals even not registered before deploying proper Enhanced TTP
(ETTP) services [8]. Especially, it helps to endorse policies by mapping them on
processing components.

2 Methods

Openness, scalability, flexibility, and interoperability of information systems can be
provided using a middleware between specific application components and the hard-
ware including communication infrastructure. An example for an open and generic
middleware approach is OMG�s CORBA specification with health-specific services as
CORBA Vertical Facilities specified by the CORBAmed Task Force. One essential
service for secure interoperability is the Resource Access Decision (RAD) service
specified at the first author�s responsibility. The establishment of the security envi-
ronment needed requires further services, basic protocols and ORB functionalities
specified in a comprehensive and therefore expensive way.

The HARP project�s objective is building up entirely secure applications in client-
server environments over the Web.

To provide platform independence of solutions in HARP, the design pattern ap-
proach of developing a middleware-like common cross platform called HARP Cross-
Security Platform (HCSP) has been used. In HCSP, platform-specific security features
have been isolated. Using an abstraction layer, communication in different environ-
ment is enabled. According to the component paradigm, an interface definition of a
component providing a platform-specific service specifies how a client accesses a
service without regard of how that service is implemented. So, the HCSP design iso-
lates and encapsulates the implementation of platform-specific services behind a plat-
form-neutral interface as well as reduces the visible complexity. Only a small portion
has to be rewritten for each platform.
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3 Application Environment for Clinical Studies

For sharing clinical study information at each of the co-operating sites, the appropriate
application environment needed for recording, presenting and using this information
has to be established.

Generic solutions for embedding security into any application to be instantiated
over the Web-based environment have to meet the component paradigm [2]. The
granularity of components defines their reusability. �Atomic� components enable the
open design of any thinkable application scenario. However, the business logic for
rational interactions between the components must be managed by a supervisor. This
business logic might be established in more complex components, however providing
a more specific solution. In the concrete clinical study scenario described above, the
extension of a component has been fixed in relation to logic segments of the docu-
ments (basic forms) used in conventional paper-based studies.

For enabling communication and especially interoperability based on components
in a secure way, the network-centric, the server-centric and the client-centric approach
might be distinguished. The network-centric approach transparently provides only
communication security services to security unaware business logic such as legacy
applications or group communication services, e.g. by Virtual Private Networks
(VPN). Due to the need for application security service, it must be combined with
both the server-centric and the client-centric approach. Characteristics and usability of
the latter approaches in the clinical study context will be discussed in the following
sections.

3.1 Server-Centric Approach

In server-centric scenarios, the required business logic is mainly provided in the health
telematics provider�s domain � in the study context by the centre � deploying, e.g., the
Java servlet technology and emerging portal solutions. Therefore, the needed trust-
worthy functionality is running on authorised users� request at the server site. The
server-centric approach establishes the basis for client-server interactions and there-
fore for the client-centric approach. It is used for provision of applets and ETTP
services. Additionally, the server-centric approach is deployed for exploring central-
ised databases containing, e.g., clinical studies� results held at the study centre.

3.2 Client-Centric Approach

In the user-centric approach which requires that business logic is mainly provided in
the user domain (for example by Java applet technology), operational and security
services are realised by downloadable components. Integrity and trustworthiness of
the components transferred and locally implemented must be assured. This is provided
by signing and certifying the components. Structure and behaviour of these compo-
nents as well as their functionality have to be controlled depending on the user and its
roles expressed in attribute certificates, by the way enforcing the policy agreed on.

Such components sharable to authorised parties are, e.g., forms, viewers or more
complex applications used for realising clinical studies. Furthermore, these compo-
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nents have to perform comprehensive services for quality assurance (QA) of remote
data entry, e.g., plausibility checks and more. The components� functionality must be
different according to the different user�s roles. Considering clinical studies or quality
assurance studies, study partners collecting information, documentation personnel
recording data, QA team members checking the information, and the study co-
ordinator managing the roles, rules, procedures, etc. fixed in the policy must be served
establishing different rights (create, read, write, update, delete) on the one hand and
granting rights on the other hand. The policy including the studies objective has to be
defined and controlled by the study council.

Applet security from the execution point of view is provided through the secure
downloading of policy files, which determine all access rights in the client terminal.
This has to be seen on top of the very desirable feature that the local, powerful, and
versatile code is strictly transient and subject to predefined and securely controlled
download procedures. All rights corresponding to predefined roles are subject to per-
sonal card identification with remote mapping of identity to roles and thereby to corre-
sponding security policies with specific access rights. These services are provided by
policy repository, policy solver and authorisation manager.

4 The Clinical Study Demonstrator

The first demonstrator for specifying and implementing the HARP ETTP services was
an approach for quality assurance in paediatric endocrinology performed at the Ger-
man national level. After mutual three way authentication between user and server of
the study centre based on HPC or HPC-plug-in at the server site respectively, the
user�s role is checked and interpreted according to the policy established. Then, the
authorised user is enabled to download the certified study component needed currently
providing the policy-conform functionality.

On the server side, HARP applies servlet technology for modularity and flexible
access to legacy components, mainly existing databases.  Attribute certificates and a
corresponding Authorisation Manager are extensively used in order to map functions
to roles and to implement the security policy. HARP views these features as externally
provided enhanced Trusted Third Party (TTP) services and provides the necessary
interfaces to these.

At the client site, HARP provides an open solution strictly using Internet technol-
ogy such as browsers and Java applets enabling the actual functionality the user has
been authorised for. After establishing the applet, it sets up a secure communication
channel for exchanging information requested from the centre or recorded locally.

The exchange of recorded or requested information is performed by XML messag-
ing managed by the XML parser and XML generator subcomponents. Using the
revolutionary idea of specifying applications via XML, an easy to use application
generator has been developed.
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5 Conclusions

The HARP project�s objective is building up open and entirely secure applications in
client server environments over the Web. The HARP solutions concern secure
authentication as well as authorisation of principals even not registered before de-
ploying proper Enhanced TTP (ETTP) services. By associating role profiles and secu-
rity attributes to standard Web-based interactions, HARP provides an initial degree of
�automation� in building secure medical Internet-based applications. Moreover, it
clearly separates and demarcates security and policy related issues according to the
component paradigm. This enables administrative bodies acting as �policy councils� to
define off-line and according to the standing legislation all procedural regulations
without entering into implementation details.

In the near future, the HARP approach will be improved by adopting other open
specifications such as specific CORBA services, by facilitating the specification and
implementation of applets and servlets using an XML-specified component generator
as well as finally by tools for a model driven �CORBA Lite� application development.
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Abstract. In this paper, a new hypothesis concerning the relationship
between fuzzy truth values and probabilities is put forward. According
to the hypothesis, the possibility distribution function and probability
density function are not independent mathematical entities, but only dif-
ferent forms of a generalized uncertainty function.
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1 Introduction

A fuzzy set (or, in other words, membership function) is a natural tool for modeling
and dealing with uncertainty involved in medical and biological knowledge expressed
in natural language.

Attractive as fuzzy modeling may seem at first sight, however, it is open to one se-
rious objection. This objection is that one cannot measure the membership grade directly, and
therefore the choice of the curve, describing a link between values of variable (measured physi-
cally) and a linguistic term, presents a quite arbitrary (�artificial�) move. Furthermore, it should
be stressed that the problem of determination of the fuzzy set has nothing to do with technical
troubles, which could be surmounted at least theoretically. The fact is any direct measurement
of membership values is impossible on principle. Let us show that.

2 Collapse of the Possibility Function

Take, for example, a player playing a chess game. Assume we have a possibility dis-
tribution function µ, which allows us to determine all possible moves the player could
make1.  Before the player makes a move, his brain continues to generate possibilities
in accordance with objects of the game. All these possibilities exist simultaneously
and interfere with each other. As soon as the player makes a move, however, the pos-
sibilities change.
                                                          

1 In the article, we use the fuzzy-set interpretation of possibility theory. According to this
interpretation, a possibility distribution r is a fuzzy set µ (see Ref. [3, 8]).
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Suppose in some episode of the game the player has two pieces to move: a Bishop
and Knight. So, in this particular moment the function µ contains two possibilities
(which exist all together). The first possibility is that the player will move the Bishop
(possibility PosB). The second possibility is that the player will move the Knight (pos-
sibility PosK).

Now suppose that when we examine the game we find that the player has moved
the Knight. As soon as we know this, we also know that the player did not move the
Bishop (because in accordance with chess rules a player can only make one move at a
time). Possibility PosB no longer exists.

The graphic representation of the function µ before the player made the move had
two humps in it. One of the humps (B) represented PosB, and other hump (K) repre-
sented PosK. When the player moved the Knight, PosB ceased to exist. When that
happened, hump B changed to a straight line representing 0, and hump K turned to the
vertical straight line intercept representing 1. Hence, the whole function µ has
changed. We can call this phenomenon �the collapse of the possibility function µ�.

The collapse of the possibility function µ makes any effort to measure a possibility
distribution an impossible one. At the instant when the player makes a move (i.e.
when we make a measurement of the membership function µ) one of the possibilities
actualizes (i.e. turns to 1), and all the others vanish (i.e. turn to zero). Consequently,
what we measure is not what it was an instant before the measurement. In other
words, trying to measure membership values, we completely change them.

3 Possibility vs. Probability

The possibility function µ is that mathematical entity which allows us to determine
the possible results of an interaction between an observed system and a measuring
device. (In the chess player example, the observed system is the player�s way of
thinking, and the measuring devise is the board with the chessmen.)

A second mathematical entity necessary to describe uncertainties is a probability
density function p. This function gives us the probabilities at a given time(s) of each
of the possibilities represented by the possibility distribution function µ. (Let us back
to the chess player thinking over his next move. The probability function p can tell us
how many players in the episode of the game we are observing make a move with the
Bishop, and how many players make a move with the Knight.)

The possibility function µ gives a possibility degree of every event could happen to
the observed system. The probability function p determines probabilities of those
events actually happen to the system. The possibility function µ cannot be measured.
The probability function p is measurable by definition.

It is quite logical to assume that the function µ and function p are connected some-
how. Indeed, we can say that events with high degree of possibility occur more often
(than events with low degree of possibility). Besides, events, which are impossible, do
not occur at all. This means, that high values of the possibility function µ should cor-
respond to high values of the probability function p, and when the function µ is equals
to zero the function p must turn to zero too.
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If these two functions correlate with each other, one can try to determine member-
ship values µ by using frequency histograms or other probability curves.

As a matter of fact, there is a variety of methods of membership determination
through probabilities [4-7]. Each of these methods has its own mathematical and
methodological strengths and weaknesses. However, all of them have one thing in
common: they treat the function µ and function p as two independent mathematical
entities.

4 Generalized Uncertainty Function

The main idea of this paper is that the possibility distribution function µ and prob-
ability density function p exist only as different forms of a generalized uncertainty
function Ψ:
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where x denotes all the variables of an observed system, which take values on the
universal set X; µ(x) is the degree of possibility that xx ′= ; p(x)dx is the probability
to find x in the interval dxxxdxx +′<<−′ .

As one can see, the basic requirement of fuzzy sets
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where M and S are the mean and standard deviation. Equalities (7-8) mean that we
have the case where any uncertainty is absent: the function µ(x) describes a classical
set [0, 1] (corresponding to classical �either-or� logic), and the function p(x) describes
a distribution without statistical �noise�.

Now we take another extreme case when the function Ψ(x) is a simple harmonic
function:
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This means, that now we have the extreme case of total uncertainty: all values of x are
possible, and one can find xx ′= everywhere on the axis X.

In contrast, let us take the �normal� case of Ψ(x):

( ) .
4

exp
2

1)( 2

2











 ′−−⋅
⋅

=Ψ
S
xx

S
x

π
(12)

Then we get

( ) ,
4

exp)( 2

2











 ′−−=
S
xxxµ (13)

( ) .
2

exp
2

1)( 2

2











 ′−−⋅
⋅

=
S
xx

S
xp

π
(14)

If the random variable z

S
xxz
′−= (15)



A Generalized Uncertainty Function and Fuzzy Modeling      79

submits to function (12), we can describe the distribution of z with the following
characteristics:

Table 1. Distribution characteristics in the case of the normal generalized uncertainty function

Y }{ YzP ≤ µ(Y)
0.67 ≈0.50 ≈0.9
1.96 ≈0.95 ≈0.4
2.58 ≈0.99 ≈0.2

where }{ YzP ≤  is the probability to find x in the interval YSxxYSx +′≤≤−′ , µ(Y)
is the degree of possibility that xx ′= if x is equal to YSx ±′ .

Suppose, for example, that x is the wavelength of the light reflected from an object,
and x′ is the wavelength of �ideal� red color. Assume that the ability of normal human
eye to recognize red color can be represented by random variable (15). Then the fig-
ures shown in Table 1 can be interpreted in the following way. When 67.0≤z , up to
50% of people will say �the object is definitely red� )19.0( ≤≤ µ . When

96.167.0 ≤< z , some 45% of people will say �the object is rather red than not�

)9.04.0( <≤ µ . And when 58.2>z , practically all people will answer that the ob-
ject is not red at all )2.0( <µ .

5 Conclusion
Any direct measurement of membership values is impossible because of the collapse
of the possibility function µ(x) (i.e. an abrupt, discontinuous change of possibility
grades caused by the process of measurement). This point was always missing in
many works on fuzzy modeling.

Therefore, the only way to determine membership values �physically� is to use
frequency histograms or other probability curves (assuming that the possibility func-
tion µ(x) correlates with the probability function p(x) ).

So far as mathematically fuzzy sets and probability are different parts of a greater
generalized information theory of uncertainty2, the possibility function µ(x) and prob-
ability function p(x) are different forms of the generalized uncertainty function Ψ(x).
It is the major assumption of the paper.

According to this assumption, the amplitude of the generalized uncertainty func-
tion Ψ(x) gives a possibility degree of every event that could happen to an observed
system. Meanwhile, square amplitude of the function Ψ(x) gives probabilities of those
events actually happen to the system. In view of that, restoring the generalized uncer-

                                                          
2 This theory includes many formalisms for representing uncertainty (including random sets,

Demster-Shafer evidence theory, probability intervals, possibility theory, general fuzzy
measures, interval analysis, etc. (see Ref.[1-2]).
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tainty function Ψ(x) by measuring probabilities we can determine the system mem-
bership values.
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Abstract. The mortality data may be analysed by time series methods
such as autoregressive integrated moving average (ARIMA) modelling.
This method is demonstrated by two examples: analysis of the mortality
data of diseases of digestive system and analysis of the mortality data of
bronchitis, emphysema and asthma. Mathematical expressions are given
for the results of analysis. The relationships between time series of
mortality rates were studied with ARIMA models. Calculations of
confidence intervals for autoregressive parameters by three methods:
standard normal distribution as estimation, the estimation of the White's
theory and the continuous time estimation. Analysing the confidence
intervals of the first order autoregressive parameters we may conclude
that the confidence intervals were much smaller than other estimations
by applying the continuous time estimation model.

1 Introduction
Time series analysis has been a well-known method for many years [1]. In the 1970�s
Box and Jenkins provided a method for constructing time series models in practice
[2,3]. Their method has been well-known for many years and is often referred to as
the Box-Jenkins approach and the autoregressive integrated moving average models
(ARIMA). These are called Box-Jenkins models. This method was applied earlier in
fields such as industry and economics, however later it appeared in medical research
as well [4,5,6,7,8,9,10,11,12].

2 Special Time Series

Mortality data often change according to 'time series'. The frequency data of the
mortality rates are usually collected at fixed intervals for several age groups and sexes
of the population. Let the value of the mortality rates be zt, zt-1, zt-2, �. in the years t,
t-1, t-2, �.. . For the sake of simplicity let is assume that the mean value of zt is zero,
otherwise the zt may be considered as deviations from their mean. Denote at, at-1, at-2,
� as a sequence of identically distributed uncorrelated random variables with mean 0
and variance σa

2. The at is called a white noise.
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The autoregressive integrated moving average of order p,d,q can be represented by
the following expression [2], [13]:

zt=φ1zt-1+ �  +φpzt-p+at+θ1at-1+�+θqat-q (1)

Where φ1, φ2, � , φp and θ1, θ2, � , θq are parameters, p means the p order of
autoregressive process, q denotes the q order of moving average process and d is the
differencing operator. Usually d=0, 1, 2; ∇ is the symbol of the differencing operator.
The meaning of the operator is ∇zt=zt-zt-1. There are special cases of the ARIMA
models: the autoregressive model of order p and the moving average model of order q
[2,13]. The special case of autoregressive model of order p, when p=1. This is called
first order autoregressive model. The special case of moving average model of order
q, when q=1. This is called first order moving average model.

The time series that has a constant mean, variance, and covariance structure, which
depends only on the difference between two time points, is called stationary series.
Many time series are not stationary series. It has been found that the series of the first
differences is often stationary. Let wt be the series of first differences and if zt the
original time series then wt=zt-zt-1=∇zt. The Box-Jenkins modelling may be used for
stationary time series [2, 13].

The dependence structure of a stationary time series zt is described by the
autocorrelation function. The empirical autocorrelation function is a main tool for the
identification of the model [2,13].

The autocorrelation function of the first order autoregressive process changes as if
it were an exponential curve and the autocorrelation function of the second order
autoregressive process decays exponentially and sinusoid. The autocorrelation
function of MA(1) process has a single peak at time lag k=1 [2,13].

To identify an ARIMA model Box and Jenkins have suggested an iterative
procedure [2]:

1. a provisional model may be chosen by looking at the autocorrelation function
2. the parameters of the model are estimated
3. the fitted model is checked
4. if the model does not fit the data adequately one goes back to the start and

chooses an improved model.

Among different models, which represent the data equally well, one chooses the
simplest one, the model with the fewest parameters [2,13].

The relation between two time series zt and yt can be given by the crosscorrelation
function. This function determines the correlation between the time series as
a function of the time lag k [2]. The crosscorrelation function estimated by empirical
crosscorrelation function.

3 Estimations for Confidence Intervals
Two methods are well-known for the estimation of the parameter of first order
autoregressive model. Apply the standard normal distribution as estimation and the
White method. The appropriate estimations we can find in the [14] reference.
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These methods above cannot be applied in non-stationary case. The continuous
time processes are applied for the estimation of the first order autoregressive
parameter as well. This methods are not well know [14,15]. However, this method can
be applied in each case properly.

4 Results

A WHO database contains the analysed mortality data. The SPSS program-package
was used for the analysis. ARIMA models were identified for some diagnoses of
causes of death. The results are demonstrated in two cases from Hungarian mortality
rates. Fig. 1. illustrates the mortality rates of digestive system.
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Fig. 1. Mortality rates of digestive system over age 65 for men and women

The autocorrelation functions decay for both data series.
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Fig. 2. The autocorrelation function for mortality data of digestive system over age 65 for men

The partial autocorrelation functions have a significance value at k=1 lag. For other
lags the values of functions were in the confidence intervals.
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Fig. 3. The partial autocorrelation function for mortality data of digestive system over age 65
for men

The first order autoregressive model can be acceptable on the basis of
autocorrelation and partial autocorrelation functions. The estimated parameter of the
model gives the empirical autocorrelation coefficient. So the stochastic equation for
men: zt=0,742zt-1+εt; σa

2=526,18. The model for women is the following
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zt=0,756zt-1+εt; σa
2=66,92.

When the fitted model is adequate, then the autocorrelation of residuals have
χ2 distribution with (K-p-q) degree of freedom [2,13,16,17]. On the basis of the test
the selected models were adequate; as χ2

over 65,men=8,475; χ2
over 65,women=5,794; χ2

0,05;5=
11,07. Fig. 4. demonstrates the crosscorrelation function before fitting the model.
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Fig. 4. The crosscorrelation function for mortality data of digestive system over age 65 between
men and women

The crosscorrelation function for the residuals can be seen in Fig. 5. after fitting the
model. This function has not a significance value on 95% significance level.
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Fig. 5. The crosscorrelation function of residuals for mortality data of digestive system over age
65 between men and women

From the behaviour of residuals we may be conclude that between the examined
time series is no �synchronisation�.

The change in the mortality data of bronchitis, emphysema and asthma for all age
groups between men and women are well illustrated in Fig. 6.
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Fig. 6. Mortality rates of bronchitis, emphysema and asthma for all age groups, men and
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The analysis carried out similarly as previously and the autocorrelation and partial
autocorrelation functions have a similar shape. So a first order autoregressive model
can be acceptable. The stochastic equation for the death rates of women

zt=0,702zt-1+εt; σa
2=14,17; for the data of men: zt=0,78zt-1+εt σa

2=62,95 .
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We examined the residuals with the help of a χ2 test. On the basis of the test the
selected models were adequate; because χ2

women=1,3399; χ2
men=0,9983; χ2

0,05=11,07
[2, 13,16,17].

The crosscorrelation function carried out before fitting the model was similar to
Fig. 4. The crosscorrelation function for residuals is demonstrated in Fig. 7. It has a
significance value at k=0 lag on 95% significance level. It may be concluded that
there is �synchronisation� between time series. In years when the death rates for men
increased the death rates for women increased as well. It is also true for the decrease.
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Fig. 7.  The crosscorrelation function of residuals for mortality rates of bronchitis, emphysema
and asthma between examined groups

The confidence intervals were carried out by the three above-mentioned methods.
Applying normal distribution as estimation and the estimation of White�s we get
larger than one for the upper estimation of confidence bounds. It is not acceptable in a
stationary case. Applying the continuous time estimation in each case we get a value
for the upper limit that is smaller than one.

For the calculations of the confidence limits we used the table of the known exact
distribution of the maximum-likelihood estimator of the damping parameter of an
autoregressive process [14,15].

5 Discussion

The Box-Jenkins models may be useful for analysing epidemiological time series.
The method described the relationship between the time series of mortality rates. It
reveals a strong synchronised behaviour of the bronchitis, emphysema and asthma,
between the sexes. This behaviour is not detectable at the plot of the original series.
The crosscorrelation function shows a positive peak at time lag k=0 but not at other
lags after fitting the model. For time series of mortality data for diseases of digestive
system for men and women no such synchronisation is found between subgroups.

The synchronised behaviour of the bronchitis, emphysema and asthma is probably
due to exogenous time varying factors. These factors simultaneously influence
bronchitis, emphysema and asthma in both sexes but do not have any influence on the
mortality rates caused by the diseases of digestive systems.

From the analysis of the first order autoregressive parameters it may be seen that
by applying the normal distribution as estimation and the White method the
confidence intervals are near equal. These methods cannot be applied when the time
series are not stationary [14,15]. For the upper estimations of confidence limits we
can get larger than one applying normal distribution and estimation of White�s or we
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can get smaller than zero as well. These are not acceptable in a stationary case
[14,15]. Applying the continuous time process for the estimation of the confidence
intervals they are much smaller and it can be used in each case.
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Abstract. The tables containing the optimal decisions obtained when
solving real decision-making problems under uncertainty are often ex-
tremely large. Tables can be considered as multidimensional matrices
(MMs) and computers manage them as lists, where each position is a
function of the order chosen (or base) for the matrix dimensions. In
this paper, we propose turning the decision tables into minimum storage
lists. Evolutionary computation is required to minimise the number of
list entries (items). The optimal list includes the same knowledge as the
original list, but it is compacted, which is very valuable for explaining
expert reasoning. We illustrate the ideas using our decision support sys-
tem IctNeo (Bielza et al., 2000) for neonatal management, outputting
excellent results. The methodology is so general that it also applies to
any table considered as a knowledge base (KB).

Keywords: Decision Analysis, Neonatal Jaundice, Medical Decision
Support Systems, Decision Table, Multidimensional Matrix, Combina-
torial Optimisation, Explanation, Dependency Analysis

1 Introduction

Decision Support Systems (DSSs) demanded nowadays are very complex know-
ledge-based systems since they involve processes of evaluation, analysis, valida-
tion, operation and maintenance. DSSs are considered the human user oriented
knowledge-based systems par excellence.

IctNeo is a complex DSS for neonatal jaundice management, a very common
medical problem in which bilirubin accumulates when it is not excreted by the
liver at a normal rate. It represents and solves the problem by means of an in-
fluence diagram, a tool which is becoming more and more popular in Decision
Analysis. Its first version is already implemented at the Neonatology Service
Department of the Gregorio Marañón Hospital in Madrid. The model includes
the process of admission, treatment and discharge of a patient.

The main objectives are to include a lot of uncertain factors and decisions,
define when it is best to order and/or change the treatment, decrease the costs of
diagnostic and therapeutic phases, decrease risks due to, e.g., a blood exchange,
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which is sometimes needed, and take into account the preferences of parents and
doctors, see [1].

The development of the diagram was very complex and time consuming, al-
though the inputs were decomposed into small parts: variables, decision stages,
joint probabilities factorised in conditional probabilities and additive or multi-
plicative utility functions. The evaluation of the diagram to obtain the optimal
policy was even harder. The conventional evaluation [5] provides, at each de-
cision node, a table with the optimal alternative for each possible combination
of outcomes of the value node predecessors at that moment. Therefore, the re-
sults rely on a combinatorial knowledge representation space because the sizes
of these tables are exponential in terms of number of attributes (those predeces-
sors). Once the DSS has generated all these tables, it only needs to look for the
combination that matches the patient under consideration.

In our case, our large influence diagram entails computational intractability,
mainly because the need for storage space (in those tables) grows enormously
during the problem-solving process due to node inheritances at chance node re-
moval and arc reversal operations (requirements of approximately 1016 memory
positions). For illustration purposes, we will use the first version of IctNeo, with
only two decision nodes rather than five. It covers the first 48 hours of a baby’s
life, which are the most critical ones. The diagram has 41 nodes, 71 arcs, 1451
probability entries, where the biggest table has 225 entries, and an initial table
for the value node of size 5400. The diagram evaluation gives rise to an optimal
strategy indicating what to do when making both decisions for each combina-
tion of the variables in the tables. The first decision depends on nine variables,
whereas the second stage, depends on these nine, on the first decision and on
another three variables. Taking into account the cardinal of each attribute do-
main, the number of combinations is 59, 719, 680. The table for the non-reduced
diagram of five stages is even worse. It considers up to 1010 different combina-
tions!

Obviously, it is a tough job to summarise the optimal policy content because
of the size of the tables. However, it is very important indeed for doctors. Doc-
tors want DSSs to have an interface and communication close to their domain.
They can accept/reject a DSS proposal but it will be better if they receive a
good, reasoned, consistent and structured explanation. The explanation should
give a description of why the proposed decision is optimal and new insights into
the problem solution. Thus, doctors are actively involved not only during the
system construction and use but also during its validation.

This is the topic of the paper: how to manage the tables and extract the
information that is compact enough to easily provide explanations. A table can
be considered as a MM that stores or represents knowledge and therefore it can
be managed as a list. We will define one of such lists of a KB MM, and we will
call it KBM2L, read as K.B.M.M.to.L. Once this list is optimised, it will show
the implicit rules of the protocol modelled and evaluated by the DSS. It can be
used to implement an explanation procedure and it will add important details
of validation, affinity and relevance of the attributes of the original table.



90 J. A. Fernández del Pozo et al.

2 From Decision Tables to Optimised KBM2L Lists

In general, a decision table can be considered as a set of attributes –relevant
variables– that determine an action. Defining an order in the set of attributes
(base) and in each discrete domain allows us to consider the decision tables
as MMs. The content of the table stored in the cell with coordinates −→c =
(c0, c1, ..., cn−1) will be assigned to the same position in the MM. Then, the
values of the MM will be stored successively in a computer as a list. They will
be arranged in main memory by means of the typical application f : Nn → N ,

f(c0, c1, ..., cn−1) = c0 ∗
n−1∏

i=1

Di + c1 ∗
n−1∏

i=2

Di + ...+ cn−2 ∗ Dn−1 + cn−1 = q,

where q provides the memory offset of the index −→c or the relative address with
respect to the first element of the matrix, Di is the cardinal of the i-th attribute
domain, and

∏n−1

j=i+1
Dj is called its weight wi. Obviously, the access index of

the cell can be built from the offset, provided the attribute base is known, via
integer division and modulus operations.

We now introduce the KBM2L whose basic element is the item. An item is
made up of adjacent elements in memory for which the DSS proposes the same
action. The items represent grains of knowledge or sets of cases with the same
optimal policy, i.e., decision contexts. If we use another base, we have the same
knowledge but we change the granularity and perhaps, the memory requirements
to store the final list of items. Our aim is to get a base that minimises the number
of items, bringing up the grains of knowledge. This also provides a means of
explanation, finding relationships between groups of attributes and the DSS
proposal.

Hence, the contents of a KBM2L are items represented as < (offset, policy)|.
It reflects (1) that the offsets of the items are strictly increasing and (2) it
summarises a set of adjacent cells with the same policy and different to the
proposal of the next item. See [4] for further details on the formal conditions of
consistency of a KBM2L, and how its internal structure is.

In our DSS, the KBM2L is completed as long as the diagram is evaluated.
The initial list has always only one item: < (MaxOffset, unKB)|, where unKB
means the absence of knowledge. Our software developed for the construction
of the KB via a KBM2L employs 18 rules for the management of the decision
table and implements three algorithms for synthesis, learning and explanation
of knowledge. In [4] we detail step-by-step how a KBM2L is before and after
applying the rules that add a new case < (x, d)| to the list.

For δ attributes, the method for constructing the KBM2L consists of reading
the table inputs with the original initial order (0, 1, ..., δ − 1) in a structure
without information. Note that the order of the inputs or cases is not important
and, in general, the whole table may not be known, if it is very large. We try
to improve the current base moving to another base. The information is then
copied to the corresponding new KBM2L structure. If this new list is more
optimal than the old one (i.e., if it requires a shorter list), it is kept and the
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Fig. 1. KBM2L spectrum or sets of cases which the same optimal decision
policy. Both lists have the same information (256 cases) but the optimal (right-
hand) requires less memory space

process iterates to improve it again. Take into account that the information
copy procedure between KBM2L structures in different bases may require up
to MaxOffset + 1 elements to be copied and it is necessary to compare lists.
But we can use some heuristic like taking only a sample of the copy to decide
whether the base can be rejected. It reduces the computational burden because
we do not have to look at the whole copy, which is not an easy task for such
massive tables.

In trying to improve the current base, we should find bases that allow the
items to be joined, that place equal items adjacently. The change of base affects
the union/fragmentation of the items. And this is the key as we can see in Fig. 1.

Let us define two clearly different parts of an index from the point of view of
an item. Let Iinf and Isup be the vectors of indexes associated with the extreme
cases of an item of the list. The first part is the fixed part of the index: its com-
ponents that are evaluated on concrete values and that are common to all the
cases of the item. The second part, which is complementary to the first, is the
variable part: the cases do not share these values and therefore the attributes
are irrelevant for the policy associated with the item. See [4] for some examples.
These concepts open up automatic explanation possibilities.

Once we have built the KBM2L and we know how to manage its items, the
list must be optimised. I.e., we now ask which is the order of the attributes that
minimises the number of items stored as a KBM2L for a given matrix. The
problem of finding the base with minimum storage space is one of combinatorial
optimisation. In tables of δ attributes, we must consider δ! possible solutions,
i.e., all the possible permutations of δ attributes. Finding the optimal base is a
NP -hard problem that in addition must solve, at each step of the algorithm, an
exponential problem: to copy the information from one KBM2L to another in
a different base. In [4] we propose the use of modern global optimisation tech-
niques like genetic algorithms (global search for δ ≥ 20) to solve the problem.
Each individual is a base with δ genes. Crossover, mutation and selection opera-
tions allow the population to evolve. Also, we add heuristics to guide the search
for the optimum: (1) partial information copy procedure by using samples; (2)
move through the space of permutations towards elements of fixed or random
Hamming distance for local search; (3) give more opportunity or probability
of movement to the corresponding fixed part of the small items (those which
represent few cases about certain policy) towards the zone of the variable part;
etc. This process of base generation and test is guided because it learns how
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to generate better lists, preventing item fragmentation and promoting unions.
The generation of information relative to the search space that can guide the
optimisation process bears some resemblance to ant colony modern optimisation
methods for discrete problems [2].

In short, the complexity of the optimal base search algorithm lies in the
analysis of the fragmented item index and in the information transfer or copy
between KBM2Ls associated with the change of base.

3 Neonatal Jaundice Results

The base for the initial KBM2L is B0 = {CBrb2, Emo, CBrb1, Soc, . . . }. We
only specify the most relevant attributes out of the whole set of eighteen. The
CBrb1 and CBrb2 attributes are bilirubin concentrations, Emo is the emotional
cost and Soc is the social cost of the patient admission. The KBM2L for this
base has 12 grains of knowledge covering the whole set of 59,719,680 combina-
tions, see Sect. 1. We use a two-column table to present this list, see below. The
right-hand column includes the proposal of the system (as the influence diagram
has two decisions, there is a proposal for each one). The left-hand column shows
the attributes associated with each proposal. Only the fixed part (the attributes
without changes for their cases) of each item is shown.

<((CBrb2:Normal,Emo:Low,CBrb1:Normal,. . . ), (Th2:TherapyNo,Th1:TherapyNo))|
<((CBrb2:Normal,Emo:Low,CBrb1:High,. . . ), (Th2:ObservationDischarge,Th1:Phototh6h))|
<((CBrb2:Normal,Emo:Medium,CBrb1:Normal,. . . ), (Th2:TherapyNo,Th1:TherapyNo))|
<((CBrb2:Normal,Emo:Medium,CBrb1:High,.. . ), (Th2:ObservationDischarge,Th1:Phototh6h))|
<((CBrb2:Normal,Emo:High,CBrb1:Normal,. . . ), (Th2:TherapyNo,Th1:TherapyNo))|
<((CBrb2:Normal,Emo:High,CBrb1:High,. . . ), (Th2:ObservationDischarge,Th1:Phototh6h))|
<((CBrb2:High,Emo:Low,CBrb1:Normal,. . . ), (Th2:TherapyNo,Th1:TherapyNo))|
<((CBrb2:High,Emo:Low,CBrb1:High,. . . ), (Th2:Phototh6hBloodExchangePhototh6h,

Th1:Phototh6h))|
<((CBrb2:High,Emo:Medium,CBrb1:Normal,. . . ), (Th2:TherapyNo,Th1:TherapyNo))|
<((CBrb2:High,Emo:Medium,CBrb1:High,. . . ), (Th2:Phototh6hBloodExchangePhototh6h,

Th1:Phototh6h))|
<((CBrb2:High,Emo:High,CBrb1:Normal,. . . ), (Th2:TherapyNo,Th1:TherapyNo))|
<((CBrb2:High,Emo:High,CBrb1:High,. . . ), (Th2:Phototh6hBloodExchangePhototh6h,

Th1:Phototh6h))|

Note how lucky we have been with the initial base with only 12 items. How-
ever, this will often not be the case. For instance, B = {CBrb1, Emo, Soc,
CHgb1, CHgb2, Age1, Age2, CBrb2, . . . } (Hgb: hemoglobin) yields 1,296 items.

The optimisation phase shows that the initial base is not optimal and by
changing the order of the attributes we could get a shorter list and refine the
knowledge about the decisive attributes. After 306 changes of base, the list has
only four items, a quite significative improvement. The optimal base is Bfinal =
{CBrb1, CBrb2, Emo, Soc, . . . }, with a list shown below. This list can be read as
four rules indicating the optimal global policy as a function of the key attributes,
the fixed part of the item.

<((CBrb2:*1,CBrb1:*,. . . ), (Th2:TherapyNo,Th1:TherapyNo))|
<((CBrb2:*,CBrb1:Normal), (Th2:TherapyNo,Th1:Observation and Discharge))|
<((CBrb2:Normal,CBrb1:High,. . . ), (Th2:Observation and Discharge,Th1:Phototh6h))|
<((CBrb2:High,CBrb1:High,. . . ), (Th2:Phototh6hBloodExchangePhototh6h,Th1:Phototh24h))|
* means not available
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Doctors can ask the DSS for any patient history in the jaundice protocol.
They now know how the system explains its proposals and which rules are taken
into account when making inferences. Thus, after the patient admission, if CBbr1
is normal, the baby is observed and discharged. If Cbrb1 level is high, the initial
therapy is a Phototherapy of 6 hours long and then, if Cbrb2 level is normal,
the baby is observed and discharged. Otherwise, if Cbrb2 level is high, doctors
make a large session of Phototherapy with a blood exchange transfusion.

4 Conclusions

The preferences and the structure of dependencies and independencies repre-
sented in a decision model produce patterns of regularity in the proposals of the
DSS. The granularity of the decision tables not only depends on the problem,
but also on the internal organisation of the tables. A reorganisation may lead
to a grouping of cases in contexts of identical proposals. A good organisation
reduces the memory required to store the tables and brings out qualitative infor-
mation about the variables: only some of them are really relevant in the contexts.
Therefore, we discover relationships among the attributes using them to explain
the DSS proposals. This is the case for the IctNeo system. The attainment of ex-
plicit decision-making rules and a means of observing the influence of parameter
variation on these rules imply incidentally a practical procedure for performing
sensitivity analysis.

The computational burden is not costly whenever we employ some resorts.
For instance, we divide the evaluation process by instantiation of evidence [3],
choosing some attributes to get a manageable size for the decision tables and
producing the smallest impact on the propagation of uncertainty. IctNeo learnt
from nine decision tables derived from the instantiation of two attributes.

The procedure presented in this paper is also applicable to data coming from
mathematical programs, data bases or data acquisition systems. We are currently
researching into further detail the rules to manage the list items, the operations
among lists with different bases, suitable crossover operations for the genetic
algorithm, possible connections with multivariate analysis, etc.
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Abstract. This article develops a model based on time-series analysis
for investigating health outcome, such as disease or death, in relation to
levels of air pollution. The model is built under assumption that any
health outcome belongs to multivariate hierarchical system and depends
on meteorology, pollution, geophysical and socio-cultural variables in
it. The possible connections in this system are considered and mathe-
matically formalized by means of trigonometric and polynomial func-
tions. The model is tested by two simulations: (1) with count outcomes
taken from Philadelphia daily mortality records for the period from
1974 to 1980; (2) with the individual outcomes taken from the peak
flow measurements in 48 adults with vulnerable respiratory system in
Leipzig, Germany, October 1990 - April 1991.

1 Introduction
In the last several decades air pollution is of great public-health concern throughout
the world. A number of analyses have been recently published on associations of lev-
els of urban pollution with variations in daily mortality and morbidity [1]. Depending
on objectives and ways of understanding the problem, many different and sophisti-
cated models have been proposed. Given the complexity of the problem, however,
each model has its restriction and, therefore, no approach is accepted entirely so far.
In this article we propose a new modeling approach, aimed to study the association of
pollution with health, based on time-series techniques and system analysis, which
contains an essential improvement of the model described in [2]. The proposed model
makes believe to be a natural reflection of the reality and, therefore, a more reliable
instrument for investigating the association of our interest. We show two simulations
of the proposed approach for two different types of health outcome, count (death
rates) and individual (health condition of a patient).
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2 Sources of Data
As an example for count health outcome, we are going to use Philadelphia total daily
mortality minus cancer mortality for 1974-1980. They were kindly made available for
us by Prof. Johnathan Samet. Daily average temperature and dew point are meteoro-
logical variables (in degrees of Fahrenheit), pollutants (sulfur dioxide SO2) are in
parts per billion and total suspended particulate (TSP) is in micrograms per cubic
meter.

As an example of individual health outcome, we take the data of the group of
48 adults with respiratory problems. This dataset comprises of daily peak expiration
flow measurements (in l/min), daily measurements of two main pollutants (SO2 in
mg/m3 and suspended particles in mg/m3) and the daily meteorological measurements
(temperature and humidity). The measurements were carried out during the period of
seven months, starting from October 1990 till April 1991, in Leipzig, Germany.

3 Methods
3.1 Constructing the Model

Consider the concept of �health� as an outcome of our major interest. In our case,
�health� is characterized by death rate in a given population or a patient�s health state.
We assume that variable �health� is part of the hierarchical system that includes me-
teorology, pollution and other variables (Figure 1).

Figure 1 derives from few assumptions we believe are in the base of the variable
relationship. These assumptions are: (1) seasonal variation as a function of time-of-
year (periodical geophysical affect G) has an effect on meteorology (M) and pollution
(P) as well as health (H); (2) meteorological variables influence pollution and health;
(3) pollutants affects health; (4) variations over week days can affect both pollutants
and health.

Fig. 1. Diagram for Relations among Health, Meteorology and Pollution

By all these assumptions we decompose the structural model proposed into 7
following paths: (1) G!H; (2) S!H; (3) M!H; (4) G!M!H; (5) G!M!P!H;
(6) S!P!H; (7) P!H. (One can find a more detailed description in [2]).

Finally, we obtain the following function for the health outcome:

Ht=F1
G(Gt,t)+F2

S(St,t)+F3
M(Mt,t)+F4

G(Gt,t) • F4
GM(Mt,t)+

      +F5
G(Gt,t) •F5

GM(Mt,t) •F5
GMP(Pt,t)+F6

S(St) •F6
SP(PS,t)+F7

P(Pt,t),
(1)

Socio-cultural

Geophysical

Meteorology

Pollution

Health
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where Ht is our dependent variable (health outcome); Gt, St, Mt, Pt are the vectors of
geophysical, socio-cultural, meteorological and pollution variables respectively; t is
the time variable; F1

G, F2
S, F3

M, F7
P are the functions which express the �direct� ef-

fects of geophysical, socio-cultural, meteorological and pollution factors on the de-
pendent variable; F4

G designates the �indirect� effects (via meteorology) of a geo-
physical factor on the dependent variable; F4

GM stands for the �indirect� effects of
meteorological factor on the dependent variable (after removing the influence of geo-
physical factor on meteorology); F5

G is the �indirect� effects (via meteorology and
pollution) of the geophysical factor on the dependent variable; F5

GM is the �indirect�
effects of meteorological factor (via pollution) on the dependent variable (after re-
moving the influence of geophysical factor on meteorology); F5

GMP is the �indirect�
effect of pollution factor on the dependent variable (after removing the influence of
geophysical and geophysical factors on pollution); F6

S is the �indirect� effect of socio-
cultural factor (via pollution) on the dependent variable; F6

SP expresses the �indirect�
effects of pollution factor on the dependent variable (after removing  the influence of
socio-cultural  factors on pollution); symbol • stands for superposition of the func-
tions.

The next step of the model construction is determining the type of the all the above
functions of type F*

**, which enter the model.
Let�s consider now the functions that are related to G (geophysical factors). We put

forward an a priori assumption that the periodic seasonal changes are, in fact, the re-
flection of geophysical processes which affects weather, pollution, and health out-
come. Weather, in its turn, also affects pollution and health outcome. Hence it follows
that the pollution-health outcome relationship is two-ways affected (directly and indi-
rectly). By the �indirect effect� we mean that interaction between meteorology and its
seasonal changes have effect on other variables, for example, pollution. Therefore,
pairs of sinusoidal and co-sinusoidal functions with different periods could present all
the functions related to G. Periodical changes of S (socio-cultural factors) are deduced
as 6 terms of dummy variables for each day of the week. Other functions can be pre-
sented by polynomial and/or logarithmic functions. One of possible formalizations of
the approach described can be a system of regression equations.

Let Mj (j=1,�,rm) and Pk (k=1,..,rk) be a meteorological and pollution variables re-
spectively. Thus we obtain the following system of five equations (2-6):
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where 2π/365 is an yearly cycle; i=1,2,�,g are the various sub-periods of a year (in
our case, month, season, half a year and a year); Ds are the dummy variables (one for
each day of the week), which represent a periodic component of the socio-cultural
factor; k

ij
k
ijijijiii

k
ij

k
ijijij bababaqdcdc ,,,,,,,,,,  are the constants obtained by appropriate

type of multiple regression.
The model�s goodness of fit is determined by adjusted R2 for the individual health

outcomes and deviance for the count data (Poisson distributed).

3.2 Interpreting the Model

The obtained model seems more problematic for interpretation then the standard lin-
ear models, where this process is trivial and based on the values of standardized re-
gression coefficients and adjusted contribution of each variable in the model.

Numerous functional patterns of the independent variables (which we deal with in
the given case) set us thinking about multi-layer interpretation strategy. Here is one of
possible ways of interpreting the model.

We divide of the independent variables set in main factors and co-factors (covari-
ates), depending on the study objectives. Thus, if the relationship of urban pollution
and health is the subject of study, we define the pollutant variables p1, p2 �, pk as
main factors and the rest of independent variables we treat as co-factors. Now, we
transform the final equation of the model as the following:
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where xi are the co-factors and t is time.
Then, we redefine the functions )),(,),(),(( 21 ttxtxtxF ni …  as functions of time

variable t, i.e. )()),(,),(),(( 21 tttxtxtxF ini Φ=…  for i=1,2,�,k.
As a final point, we obtain the following equation:

kkt ptptptY ⋅Φ++⋅Φ+⋅Φ= )()()( 2211 … (8)

We�ll call function )(tiΦ  �profile of variable ip � and use calculus tools for their
analysis (studying minimal and maximal points, intervals of increasing and decreasing
and so on). This kind of information enables us to analyze the contribution and be-
havior of each of the main factors.
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4 Results

4.1 Simulation of the Proposed Model on Count Data Set

Table 1 presents the results of how linear regression is used in the model with �total
mortality minus cancer mortality� as a dependent variable. The table shows contribu-
tions of all significant terms to the explained variance by groups of M, S, G and P
factors.

Table 1: Contributions of all factors to the explained variance of Mortality in Philadelphia,
1974-19821

Variable
Beta (Path

Coefficient)
(1)

R

(2)

Contribution to
Expl. Var.

(1x2)
Geophysical Cos�1 year

Sin�1 year
Sin�6 mon

1.267
0.250
-0.123

0.362
0.197
0.103

0.459
0.050
-0.012

sum=0.497
Meterologi-
cal

Dew
Dew*Cos-1 year
Dew*Sin-6 mon
Temp*Cos-year

0.135
0.421
0.162
-1.216

-0.321
0.296
0.009
0.310

-0.043
0.125
0.002
-0.377

sum=-0.293
Pollution SO2

SO2*Cos-4 mon
SO2*Day2

TSP*Cos-3 mon
TSP*Day1

0.045
-0.088
0.035
-0.071
0.108

0.125
-0.107
0.038
-0.070
0.115

0.006
0.010
0.001
0.005
0.012

sum=0.034
Trend Day -0.130 -0.162 0.021

1For 13 terms:  R2=0.261; R2
adj=0.257; Deviance=3114.97; Deviance/N=1.24

Table 2: Results of Deviance and Explained Variance in the Proposed Model and the Standard
Model for the Period 1974-1980 and Each Year

1974 1975 1976 1977 1978 1979 1980
Proposed
Model
Deviance
Deviance/N
Adjusted R2

330.38
0.989
0.278

422.14
1.163
0.351

411.42
1.127
0.350

449.06
1.23
0.114

387.74
1.07
0.433

349.66
0.961
0.145

418.88
1.144
0.390

Standard Model
Deviance
Deviance/N
 Adjusted R2

364.76
1.122
0.171

523.70
1.443
0.195

497.90
1.379
0.198

465.88
1.276
0.084

497.34
1.374
0.269

365.04
1.008
0.107

525.68
1.440
0.227

(�Standard Model� denotes the linear regression model with four main variables: dew,
temperature and the two pollutants)
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Table 2 shows comparison between two modeling approaches (proposed and stan-
dard one). The lower the value of �Deviance/N� the better the fit of the data to the
model. The model, taking into consideration the possible cyclic effect, likely has a
better fitness estimation, both in terms of �Deviance/N� and explained variance.

4.2 Simulation of the Proposed Model on Individual Data Set

We used the hierarchical system from the previous example assuming an effect of the
factors, which influence the mortality index, on the health condition of a patient. The
same kinds of variables and their interactions are used, but the choice of possible cy-
cles is different. The model was built for every person. For more than 60% of all indi-
vidual models, proportion of explained variance in Quasi-Fourier Model is greater
than 0.5, unlike that 18.7% explained by Standard Regression Model (contained M
and P factors only). In Table 3 we put the three main factors with maximal contribu-
tion to the explained variance in the 48 individual models.

Table 3 Three factors with a greatest contribution to the patients� models

Types of the factors First (n,%) Second (n,%) Third (n,%)
Periodic 38 (79.2%) 34 (70.8%) 23 (47.9%)
Periodic*Meteorological 7 (14.6%) 6 (12.5%) 14 (29.2%)
Periodic*Pollution 2 (4.2%) 7 (14.6%) 10 (20.8%)
Other (non-periodic) 1 (2.1%) 1 (2.1%) 1 (2.1%)

Table 3 demonstrates that for vast majority of the models the periodic factors and
that connected with them contribute at most to explained variance. As one can see, the
non-periodic variables, which are of the individual models, barely appear in the mod-
els.

5 Conclusions

The model we propose in the given paper is better to some extent then that published
so far. This improvement concerns measurements of regular goodness of fit and takes
place mainly from considering the direct and indirect effects of the environmental
factors analyzed. Secondly, our study points out that pollution has a relatively small
contribution to explained variance, even if we take into account the joint direct and
indirect effect of pollution (Table 1 and 3).
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Abstract. The increasing number of investigations focusing on the
structural and functional organization of the brain makes necessary a
better analysis of the results and the construction of tools that facilitate
the integration of all this knowledge. We present an anatomical and
functional cerebral model using the Visible Human dataset. The ana-
tomical structures were labeled and assigned a unique color. In a paral-
lel way, a database was created for including hierarchical anatomical in-
formation and the meta-analysis result from the human brain-mapping
literature.

1 Introduction

Models of the anatomy of the human body are of increasing importance for scientists,
engineers and physicians. The applications of these models vary widely from medical
education and diagnostics to simulation of physical fields. To create anatomical mod-
els generally information extracted from medical images is used and advanced strate-
gies of image processing are employed [6,7].

Since the Visible Human data set was created ( National Library of Medicine,
Bethesda, Maryland, USA) [1,9] has become a staple to many applications used for
teaching anatomy, models of surgical planning, and as a visual basis for surgical
simulation and other virtual reality [6,12].

The explosive growth in brain imaging technologies has been matched by an ex-
traordinary increase in the number of investigations focusing on the structural and
functional organization of the brain. Human brain structure is so complex and variable
across subjects that many research fields are required to manipulate, analyze and
communicate brain data. Central to these tasks is the construction of comprehensive
brain atlases [8,12], databases of 3-dimensional brain maps [2], templates and models
to describe how the brain and its component parts are organized

Brain atlases provide a structural framework in which individual brain maps can be
integrated. Most brain atlases are based on a detailed representation of a single sub-
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ject’s anatomy in a standardized 3D coordinate system, or stereotaxic space. The cho-
sen data set acts as a template on which other brain maps (such as functional images)
can be overlaid. The anatomical data provides the additional detail necessary to accu-
rately localize activation sites, as well as providing other structural perspectives such
as chemoarchitecture. Digital mapping of structural and functional image data into a
common 3D coordinate space is a prerequisite for many types of brain imaging re-
search, as it supplies a quantitative spatial reference system in which brain data from
multiple subjects and modalities can be compared and correlated [5, 10, 11].

The purpose of this project is the creation of an anatomical and functional model of
the human brain using the Visible Male brain dataset and with linked information
about human functional mapping.

2 Material and Methods

This project has the following main tasks: (1) Volume creation, (2) Database creation,
(3) Meta-analysis of functional papers and (4) Working Environment.

2.1 Volume Creation

We have used the Visible Human dataset (National Library of Medicine, Bethesda,
Maryland, USA) for constructing the anatomical model. A total of 163  axial anatomi-
cal images concerning the male head were downloaded from then NLM-FTP site, each
slice with a resolution of 2048 pixels by 1216 pixels, and  each pixel defined by
24 bits of color (resulting about 7.5 megabytes of data/slice), at 1.0 mm intervals [9].
The images were preprocessed by removing background imagery such as the ruler and
color bar, and the blue gelatin where the cadaver was embedded. Each cross-sectional
image was also "cleaned" by application of an opening operation to all pixels which
were within 10 pixels of the removed background [6, 7]. This opening operation re-
moved small areas of gelatin which adhered to the skin after thresholding. Another
preprocessing step is the detection and correction of differences in the color repro-
duction of the photos. The detection is performed using their color palette. The cor-
rection is done by transformations of the RGB values.

The pixel size in the �XY� plane was reduced to 1 mm in order to match the pixel
spacing in the "Z" plane which is 1 mm. This made possible to obtain cubic voxels
with 1 mm x 1 mm x 1 mm size. The slices were normalized into the Talairach space,
anatomically defined by the bicommissural line, setting the central points of the ante-
rior and posterior commissures manually [10,11]. The resulting volume dataset use
x-y-z coordinates resolved to 1x1x1 mm volume elements within a standardized stere-
otaxic space. An array, indexed by x-y-z coordinates, that spans 87 mm (x), 133 mm
(y) and 127 mm (z), provides high-speed access to data.

The images were segmented using interactive tracing, slice-to-slice propagation and
editing of defined regions. At the same time, additional color-map entries were cre-
ated, providing a unique color entry for each distinct anatomical structure. The de-
fined anatomical regions were filled with the specific color assigned for that structure.
Hemispheres, lobes, gyri and nuclei have been outlined and labeled. Gray matter,
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white matter and CSF regions have also been defined. For cerebral cortex, all Brod-
mann areas have been traced (Fig. 1).

Fig. 1. From left to right. (A) Postprocessed anatomical slice. (B) White matter template. (C)
Gray matter template. (D) Example of mixed labeled information in the same slice

2.2 Database

In order to provide an indexing structure useful for our knowledge base of brain
structures and functions, we have designed a database with a comprehensive hierar-
chical nomenclature for structures of the human brain based on the Neuronames data-
base [3].

Fig. 2. The Nomina Anatomica window. Note the hierarchical structure used

The hierarchical organization (Fig.2), consistent with Nomina Anatomica, includes
an exhaustive, nested set of mutually exclusive volumetric structures that represents
the entire brain at each level of the Hierarchy and, a list of the superficial features that
can be seen.  We have included 790 structures (159 superficial features and 631
volumetric structures). The database was completed with additional information like
the color used in the anatomical volume or the connection rules.
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2.3 Meta-analysis

For the functional meta-analysis data we have used the Brainmap database [4], a soft-
ware environment for the meta-analysis of the human functional brain-mapping lit-
erature that include 225 papers, 771 experiments and 7683 locations.
We have analyzed the results from 75 cortical activation studies, and  included into
the database. All these information was linked with the anatomical structures data and
the volumetric data.

Fig. 3. Example of the meta-analysis information window showing information about some
cognitive tasks (rows) and the activated Brodmann areas in red

2.4 Working Environment

A software program (Fig.4) has been created containing all the necessary tools for
viewing the anatomical volume (OpenGL), editing the labeled structures, editing the
contents of the database (anatomical names and meta-analysis results), and the most
important task, integrate all the knowledge network (Fig. 5).

Fig. 4.  Program window for the cerebral atlas
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Fig. 5.  Structure of the knowledge network

All the software programs have been programmed using Delphi 5.0 (INPRISE Inc)
under Windows 2000 Professional (Microsoft) and a Pentium III PC computer with
128Mb RAM and 19 Gb Hard disk. Sybase was chosen as the core component of our
database.

3 Results and Discussion

A cerebral model has been created making possible to establish the spatial positions of
the cerebral structures, the functions related with, as well as the existing spatial rela-
tionships. The spatial resolution allow the use of this tool as a cerebral atlas. The spa-
tial normalization based on the Talairach space allow the correlation with other brain
atlases or the use in brain studies.
Several digital atlases have been developed using photographic images of cryoplaned
frozen specimens. Photographed material, while providing superior anatomic detail,
has limitations. For accurate correlations, data must be placed in a plane equivalent to
that of the image of interest. Acquisition of images in series directly from the consis-
tently positioned cryoplaned blockface also avoids the need for serial image registra-
tion prior to reconstruction. Serial images can be reconstructed to a 3D anatomic vol-
ume that is amenable to various resampling and positioning schemes.

While not an atlas per se, the Visible Human imagery has sufficient quality and ac-
cessibility to make it a test platform for developing methods and standards [9]. The
data has served as the foundation for developing related atlases of regions of the cere-
bral cortex, high-quality brain models and visualizations [8,12].
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Bicommissural coordinates have become an international standard for reporting PET
functional brain mapping. Virtually all PET brain-mapping laboratories now use bi-
commissural coordinates as their method for reporting locations of brain activation
[5]. Using bicommissural coordinates brain locations in a tomographic image can be
addressed without the ambiguities of conventional terminology. The precision, objec-
tivity, and wide use of  this coordinates system has greatly simplified the task of de-
veloping a database of human brain mapping.
Mapping the functional anatomy of the brain is not as straightforward as mapping the
amino-acid sequence of a protein or base pair sequence of a gene. Placing a functional
area "on the map" is only a first approximation. Defining the functional properties and
functional interactions of an area is an ongoing process; converging experiments bring
deeper understanding and more detailed models, but not final answers. Methodologi-
cal details such as number of subjects used, imaging modality and resolution, response
magnitude and level of statistical significance (preferably in terms of strength above
background noise), and all pertinent behavioral measures must be included in the
database. Enabling efficient meta-analysis is the strategy that influenced many aspects
of the design and implementation of BrainMap [4].
The Brainmap database provide the ability to search, view, and analyze published, in
press, and unpublished findings from the human brain-mapping literature. Its purpose
is to promote the user�s ability to understand and meta-analyze the functional anatomy
of the human brain through rapid, exhaustive access to image-derived research on
human functional neuroanatomy. In principle, functional brain imaging results should
be amenable to systematic comparison across experiments and labs, provided the
experiments being compared share similar base-line control conditions.

4 Conclusions

In spite of being based in just one brain this cerebral model could be a valuable tool
for teaching, training, planning and for getting a better understanding of the cortical
functions. At the present stage of the project the morpho-functional atlas has been
used as a presurgical planning tool with excellent results.
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Abstract. Collaborative Filtering is a well-approved method for
prediction of consumer behaviour in marketing strategies. We adapt and
evaluate this method for prognosis of the longterm metabolic control
level in diabetic patients. The  underlying data for the prediction were
extracted from a central diabetic data pool (DPVSCIENT) [1],[2],
containing longtime documentation of about 60% of all young patients
with type-1 diabetes in Germany. Prediction results were successfully
checked against random values and evaluated calculating sensitivity,
specifity and total performance of a prognosis test. Best results were:
sensitivity = 76%, specifity = 92% and total performance = 84%. This
novel approach in diabetology demonstrates tracking for metabolic
control and allows to predict favorable or unfavorable results, providing
an objective basis to target intervention in individual patients.

Keywords: Diabetes, collaborative filtering, HbA1c prediction, level of
metabolic control

1 Introduction

1.1 Diabetes Mellitus

Diabetes mellitus is a chronic disease, more and more in focus of the public due to
increasing incidence rates [3]. Successful longterm diabetes therapy in type-1 diabetes
(insulin dependant diabetes) tries to keep the balance between a low level of
metabolic control (HbA1c-value) and as few hypoglycemic episodes as possible for
the patient. A high HbA1c-value correlates with a high probabilty of chronic
complications such as impairment of eye and kidney or amputation of feet [4].
Therefore, the level of metabolic control is a key parameter of diabetes therapy. In
this paper, we develop a prediction method for the average HbA1c-value of the nth year
after onset of diabetes using a data mining technology called �collaborative filtering�
(or �social filtering� or �recommender systems�) and test it for n=6.
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1.2 Collaborative Filtering

Collaborative filter techniques have been developed in the context of the World Wide
Web since the early 1990s [5][6] and were also applied to one-to-one marketing. The
main algorithm bases on the assumption that an unknown behaviour, preference, taste
or characteristic of a person can be estimated using the similarity of this person to
other persons. For example, a preference for or a rejection of a new product, can be
predicted for a specific consumer, knowing his or her preference or rejection of other
products [7]. The decision will be calculated taking into account recorded decisions of
other clients for the very product, who have a similar purchase behaviour like the
specific person.
Applied to diabetes, we try to predict the level of metabolic control in the 6th year of
diabetes course for one patient. The estimation uses values of highly correlated
patients, according to age, diabetes duration and former level of metabolic control.

2 Methods

The underlying data pool is DPVSCIENT [1], containing diabetes documentation of
about 12,000 patients in Germany (at the end of the year 2000), mainly with type-1
diabetes. 652 patients with diabetes documentation of at least 6 successive years since
onset could be found in the database. For each patient and each year, the average
HbA1c-value was calculated (total number of HbA1c-values: 5872; average number of
HbA1c-values per patient per year: 1.5). 88 patients were randomly selected into a
prediction group (cf-group), and the remaining 564 patients formed the data-group.
The following algorithm was then applied to predict the average HbA1c-value for the
6th year of diabetes course for a specific person P0:

1. Select similar patients for P0 from the data-group: year of birth should be at most
2 years earlier or later than P0�s year of birth; the same restriction applies for the
onset of diabetes. This is assuring that P0 and patients from the data-group have
received a similar diabetes therapy.

2. Discard P0 if not 10 or more similar patients were found in the data-group.
3. Calculate the Pearson correlation coefficient for P0 and each similar patient Pk

(according to step 1) from the data-group, using Pk�s average HbA1c-value hbPk,i
for each year i=0,...,4 of diabetes course and the overall average hbPk for all
5 years for patient Pk [8][9]:
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4. Consider only patients Pk were w(P0, Pk) >a (a was modified during the test

series).
5. Discard P0 if there remain less than 3 patients in the data-group after step 4.
6. Calculate a weight KP0,a :
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7. Then calculate the prediction for the 6th year after onset of diabetes (i=5) for
patient P0:

0,5 0 0, 0 ,5
: ( 0, )

( , )( )PkP P P a k Pk
k w P Pk a

hb hb K w P P hb hb
>

= + ⋅ −∑

3 Assessment of the Results

3.1 Definition of a Validation Test

We assume the prediction is true,

• if hbP0,5 differs only 0.5 or less from the true value hbtrueP0,5 for patient P0 in the
6th year of diabetes course

• or the tendancy of the prognosis is right
(i.e. (hbP0,5 � hbP0,4) >0  and   (hbtrueP0,5 � hbP0,4)>0)

Else, the prediction is false.
The HbA1c development for the patient is defined positive, if he or she has a lower

average HbA1c value in the 6th year than in the 5th year. Else, it is defined negative.
Accordingly, the test result is true positive (TP), if  the HbA1c development is

positive and the prediction is true. The test result is true negative (TN) , if the
development is negative and the prediction is true.

3.2 Standard Evaluation

Mean and standard deviation for the best result (choice of a) were calculated and
results were compared to randomly generated HbA1c values [10].

4 Results

4.1 Results for the Test

Table 1 gives the numbers for the test series. The value for a was increased from 0.1
to 0.9 during the series. Not all patients from the cf-group could be evaluated (see:
Methods, step 2 and 5).
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Table 1 Test series for CF prediction, ranked by total performance; TP% and TN% =
percentage of true positive/negative tests; Tperf % = Total Performance =
(TP%+TN%)/2

TP% TN% TPerf% a evaluated patients
75.5 91.7 83.6 0.7 73
75.0 88.9 81.9 0.9 25
82.5 71.4 77.0 0.8 61
85.5 67.9 76.7 0.5 83
83.9 62.1 73.0 0.2 85
87.3 58.6 72.9 0.4 84
85.5 58.6 72.0 0.3 84
80.7 62.1 71.4 0.1 86

4.2 Standard Evaluation of the Results

For the best cf-test series (a=0.7), the mean absolute deviation of hbP0,5 from
hbtrueP0,5 was mean = 0.82 with standard deviation = 0.78 . Range was [0.02; 5.20].

Random generated HbA1c-values for 73 patients were computed, then the numbers
where fed into the cf-algorithm (a=0.7): mean = 2.28, standard deviation = 1.38 and
range = [0.06; 6.45].  This was significantly worse than in original HbA1c-values.

A random prediction for the HbA1c-value in the 6th year (random value was chosen
from [4.5; 13.5]) was performed 100 times for 73 patients: total mean=2,71, total
standard deviation= 1.81 (best random series: mean=2.04, standard deviation =
1.34)

All random tests performed much worse than the cf-algorithm.

5 Conclusion

With the help of collaborative filtering, the level or the tendancy of metabolic control
can be predicted in about 80% of the cases. Higher values for the correlation
coefficient deliver better prediction results, as expected. Tight preconditions for the
Pearson correlation coefficient restrict the numbers of evaluated patients too much
(e.g., a = 0.9). Best results were achieved with a=0.7. From a clinical standpoint, this
method, which has not been previously applied in diabetology, allows to predict
favorable or unfavorable courses with respect to metabolic control in diabetes. If these
findings are confirmed in independent groups of patients, this prediction may provide
a basis to objectively decide on intensification of therapy (changes in insulin regimen,
patient re-education etc).  This would allow to target limited ressources available
more efficiently, presumably improving the long-term outcome.
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Abstract. We present a web-based implementation of GenePath, an
intelligent assistant tool for data analysis in functional genomics.
GenePath considers mutant data and uses expert-defined patterns to find
gene-to-gene or gene-to-outcome relations. It presents the results of
analysis as genetic networks, wherein a set of genes has various
influence on one another and on a biological outcome. In the paper, we
particularly focus on its web-based interface and explanation
mechanisms.

1 Introduction

Genetic research is one of the most effective approaches to the elucidation of
biological processes. State-of-the-art technology has enabled the genomic sequencing
of several simple organisms as well as complex organisms including human. While
obtaining a genome sequence is an important milestone, it marks only the beginning
of the effort needed to understand and use this knowledge. The hardest step awaits us
in the field of functional genomics [6], which is concerned with the �development and
application of global (genome-wide or system-wide) experimental approaches to
assess gene function� [3].

Analysis of mutant data, a core task in functional genomics, has so far been
performed manually. With advancing technology that enables higher rates of
experimentation and data gathering, new computer-based approaches are required to
support data analysis in functional genomics. We have developed a program called
GenePath that provides intelligent assistance for analysis of genetic data. In discovery
of gene functions, GenePath mimics expert geneticist by using the reasoning patterns
geneticists would else employ manually. GenePath capitalizes on computer�s
processing power to systematically examine the data, thus automatizing potentially
tiresome and error-prone process.
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GenePath is implemented in Prolog [1] and for its reasoning uses elements of
selected approaches from artificial intelligence. While its environment in Prolog was
sufficient for prototyping and preliminary testing, participating geneticists strongly
indicated that a more standard interface is needed. This pushed us towards the
development of web-based interface (http://magix.fri.uni-lj.si/
genepath), where Prolog-based core is seamlessly integrated within server-based
application.

Basic elements of GenePath�s core have been described in [8]. We here present the
basics of its reasoning process, and then focus on its web-based implementation and
methods that aim to explain its findings.

2 GenePath's Reasoning System

An input to GenePath is a set of genetic experiments, where each describes which
genes were mutated and how and gives a qualitatively observed outcome of
experiment. For example, consider a set of experiments on Dictyostelium discoideum,
a soil ameba that is the subject of study in the laboratories of the authors from Baylor
College of Medicine. Dictyostelium is particularly interesting for its social behavior
and development cycle from single independent cells to a multicellular slug like form
[7, 5, 4]. A sub process of Dictyostelium�s development is cell aggregation, which has
been observed in experiments from Table 1.

Table 1. Genetic experiments: aggregation of Dictyostelium

Exp ID Genotype Aggregation
1 wild-type +
2 yakA:: - -
3 pufA:: - ++
4 yakA:: -, pufA:: - ++

Notice that in the first experiment from Table 1 no mutations were made and under
normal conditions Dictyostelium aggregates. Under the same conditions, but with
loss-of-function mutation of gene yakA (experiment 2), the aggregation does not take
place. Additionally mutating pufA, aggregation is restored and actually takes place
faster compared to wild-type Dictyostelium (experiment 4).

When geneticists analyze such data, they most often use a set of informal,
unwritten but intuitive rules to derive relations between genes and outcome. For
instance, an example of a simple rule is �IF mutation of gene A changes the outcome
P (compared to the wild type) THEN gene A is influencing the outcome P�. Using this
rule, it can be concluded from Table 1 that both genes yakA and pufA influence the
aggregation. An example of a more complex rule is �IF mutation of gene A changes
the outcome P (compared to the wild type) and adding the mutation of gene B
reverses the outcome P THEN gene B acts after gene A in a path for the outcome P�.
Using this rule and experiments 2 and 4 from Table 1, it can be concluded that pufA
acts after yakA in the path for aggregation.
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GenePath currently includes about 10 such rules, which are also referred to as
patterns. It uses them to abduce the following gene-to-gene or gene-to-outcome
relations:

o parallel: both GeneA and GeneB influence Phenotype, but are on separate
(parallel) paths;

o epistatic: GeneB is epistatic to GeneA in a path for Phenotype with a given
Influence (both genes are therefore on the same path and GeneB acts after
GeneA);

o influences: GeneA either excites or inhibits (Influence) the Phenotype;
o not influences: GeneA does not influence the Phenotype.

As a final result of data analysis, GenePath derives genetic networks by satisfying
abduced network constraints [8]. The network consists of nodes (genes and an
outcome), and arcs that correspond to direct influences of genes on other genes and
outcome. GenePath can derive models that include two types of influence: excitation
(→) and inhibition (�|). As additional input, GenePath can also consider known parts
of the network � a prior knowledge specified by the geneticist.

3 A Web-Based Interface to GenePath

To make GenePath available to a wider audience, and in particular to experts and
students in functional genomics, we have developed an interactive graphical user
interface. The primary requirement was to design the interface that could be used on a
wide variety of platforms. To avoid maintenance of different platform-specific
versions, we have developed a web interface incorporating a server-based application
that exports its user interface through a web browser. The resulting benefits are
platform independence and low processing requirements on the client's side. No
specific client-side installation procedure is required. A potential drawback is slower
response time, especially at periods of intensive usage from several users, and at some
points awkward user interface (compared to potential capabilities of stand-alone
application), which is limited by HTML capabilities.

Our server-based application uses Active Server Pages (ASP) technology and
Microsoft's IIS 5.0 web service. GenePath's abductive inference engine is
implemented in SICStus Prolog (http://www.sics.se), and the communication
between the engine and the interface is realized through SICStus's Visual Basic
interface. Clickable images of genetic networks are generated using graph
visualization software GraphViz (http://www.graphviz.org).

The user interface is quite intuitive and does not require special explanation. It
follows a linear structure from the selection of a project, through definition of genetic
data and background knowledge, all the way to the presentation of derived genetic
networks and provision of explanation as to how the specific relations where found.
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3.1 Data Entry

Data entry consists of specification of genes, outcomes, genetic experiments and
background knowledge. The interface is straightforward, and supports savings and
uploads to and from the client�s system. Fig. 1 shows an entry screen for mutant data
of Dictyostelium, where aggregation is observed as the outcome.

Fig. 1. A screen for definition and revision of genetic data

3.2 Presentation of Genetic Network and Constraints

For the data from Fig.1 GenePath finds a number of network constraints and three
direct relations: yakA → pkaC, regA �| pkaC, and yakA �| pufA. Together with
background knowledge (not shown here), the resulting genetic network is shown in
Fig.2. The user can request the display of any type of constraints found by GenePath
(precedes relations are displayed in the shown screenshot), or can click on any gene
or edge of the network to display relevant experiments and constraints.

3.3 Explanation

The essential capability of GenePath's interface is the ability to provide explanation
on abduced constraints. By clicking on the related evidence field of a specific
constraint, the explanation is shown in a separate window. This includes the
description of the pattern that was used to derive the constraint, and the experiments
(or relations from background knowledge) that were involved.

For instance, Fig. 3 shows an explanation of the last constraint from Fig. 2: pufA is
epistatic to yakA in a path for aggregation with a negative influence (inhibition).
GenePath tells us that pufA was found to act after yakA in a path for aggregation
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because mutating these two genes separately leads to different outcomes, but mutating
both genes at the same time leads to the same outcome as mutating only pufA.
Therefore, it concludes that pufA blocks the influence of yakA; this is possible only if
pufA is in the same path but after yakA.

Fig. 2. Derived genetic network for cell aggregation and abduced constraints of type precedes

Fig. 3. Constraint explanation of the last constraint in Fig. 2: yakA �| pufA

Notice that GenePath�s provision of explanations is possible because of its
knowledge-based approach. The patterns that it uses for abduction of network
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constraints also define the language in which explanations are communicated. Since it
was the domain experts that defined the patterns, GenePath�s reasoning and
explanation is bound to be transparent and comprehensible by biologists.

4 Discussion and Conclusion

GenePath derives genetic networks that are hypotheses over the specified set of
experiments and prior knowledge. For instance, the network from Fig. 2 is slightly
different than expected from the current state of domain knowledge, where genes
yakA, pufA and pkaC are considered to be in linear relationship (yakA �| pufA �|
pkaC). The reason that prevents GenePath to determine this relation is the absence of
experimental data that would relate pufA and pkaC. These experimental data were
obtained from biochemical experiments that were not included in table 1 [4, 5]. The
advantage of GenePath is the ease and speed with which such observation is found.
Furthermore, for the data shown in this paper, the expert biologists found that the
constraints derived by GenePath were consistent with their knowledge, and that
additional experiments can be further engineered based on what GenePath has found.

GenePath and its web-based interface are both evolving projects. We are currently
extending their functionality by considering a combination of abductive inference and
qualitative reasoning [8], allowing GenePath to propose and rank a set of potential
networks rather than show a single network consistent with the constraints. Further
extensions will also include experiment proposal, where GenePath will indicate for
which genes the relations could not be established from the data, and will suggest the
experiments that would resolve the resulting ambiguities in the genetic network.

The approach we are developing is intended for functional genomics community,
particularly for students and researchers in the area, and will for that purpose be freely
available on the Internet. Interested reader is welcome to check and use GenePath at
http://magix.fri.uni-lj.si/genepath. The web site also provides for a
number of test cases, including the one under the name �Project 3a: Dictyostelium
Development (Aggregation Only)� described in this paper.
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Abstract. The aim of the paper is to present the application of fuzzy
sets to image processing and analysis of renal biopsies in light and
confocal microscopy. Fuzzy segmentation was applied to processing of
grey scale images. Colour images were processed by fuzzy-like
approach. Segmented glomerular profiles and interstitial fibrosis were
then quantitatively assessed. The mean glomerular volume and the
degree of fibrosis were estimated in light microscopy. The volume of
glomerular mesangium was assessed with a confocal microscope.
Concluding, fuzzy processing makes morphometric studies of renal
biopsies more practical for clinical diagnosis of diseases.

1 Introduction

Interstitial fibrosis and morphological changes in renal glomeruli are the structural
effects of many diseases. In normal cases, in light microscopy, we can observe a
network of thin blue fibres around renal glomeruli and interstitium distributed in red
interstitial tissue. In process of pathological changes related with the formation of
excessive fibrous tissue, some areas of the interstitial tissue become blue. A reliable
and objective method to quantify the extent of interstitial fibrosis and, at least, the
mean size of renal glomeruli is needed for both clinical practice and experimental
studies. Previous works focussed on 3D visualisation and quantification of renal
capillaries [2], [3], [4]. This paper presents the design of image processing application
for quantifying interstitial fibrosis and glomerular size in the same tissue section. The
fuzzy logic algorithms were used for segmentation of renal glomeruli from
epifluorescent images observed in confocal laser scanning microscopy.
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2 Material Preparation

Kidney biopsies were subjects of quantitative light microscopy studies. Material for
light microscopy was routinely PAS stained and then Masson's trichrome staining was
performed.  Material for confocal microscopy was first perfusion fixed in neutral
buffered formalin overnight then washed several times in phosphatate buffered salline
and sectioned on a vibratome into 200 microm sections. Each section was inserted
into a biopsy cassete, and then stained with eosin. Then, the sections were transferred
to glass slides and mounted in immersion oil with refractive index of 1.596 [3].

3 Image Acquisition

Kidney images were registered with a computer-assisted light microscope. Each
colour image of 760x570 pixels (24 bits per pixel) was recorded and stored by using
image analysis system MicroImage v.4.0 (Olympus).

A sequence of optical sections thorough the entire glomerular volume was acquired
with a confocal laser scanning microscope with an oil-immersion objective (40x,
NA1.3). Illumination was 488nm from an argon laser. Each epifluorescent image of
256x256 pixels and 256 grey levels was obtained by averaging eight image inputs
recorded in one second each [2], [3], [4].

4 Fuzzy Logic for Image Processing of Kidney

In this study, fuzzy sets built for input image pixels represent intervals that are the
intensity features. The membership function specifies the membership grade, which
the colour of a pixel belongs to. The membership grade is defined as a value in the
range [0, 1] where '0' denotes no membership and '1' denotes a full membership.

In the input image, each entry may be corrupted by a noise. A fuzzy mean process
for filtering is generated by the weighted average procedure.  Pixels of the noise-
corrupted image located in the sample matrices are summed to get the weighted
average. The fuzzy mean process results in a value for the pixel being filtered. Then, a
final decision process selects the value closest to the fuzzy estimator. This is the
filtered pixel value.

4.1 Fuzzy Sets for Processing of Grey Scale Kidney Images

Let X 
 
be the original grey scale input image with L grey levels. A fuzzy set built for

the image pixels represented an interval of the grey scale, for instance 'dark', 'median',
'bright.'

Let now F denotes a filtering function on the input image X. The weight associated
with each pixel were decided by referring to the membership function of associated
intensity feature, for instance 'dark', DK=[DKbegin, DKend]. If all pixels in the sample
matrix had a zero membership grade according to their grey levels, then F(x) was set
to zero, x was the pixel value.
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Analogously, we generated a fuzzy mean process for bright by referring to the
membership function of associated intensity feature 'bright'',  BR=[BRbegin, BRend],

and a fuzzy mean process for median associated with the intensity feature 'median',
MD=[ MDbegin, MDend].  Then, each pixel value x was processed in the following

way:

procedure Fuzzy (DK, MD, BR, x, F(x))
{DK=[DKbegin, DKend], MD=[MDbegin, MDend], BR=[BRbegin, BRend]};

for x ≤ BRbegin and x ≥ DKend do I(x):=1 else I(x):=0; {The
decision process of the filtering procedure};
begin

If abs(F(xDK)-I(x)) < abs(F(XMD)-I(x))
then F(x):= F(xDK);

If abs(F(xBR)-I(x))< abs(F(x)-I(x))
then F(x):= F(xBR);
end.

Thus, the filter is basically a mean filter operating with coefficients F(x).
Brightness normalisation was performed on the basis of histogram extremes of an

image that was chosen as a reference image. Then, analysed structures were
segmented on the basis of the defined three classes of pixels:

 'background' � grey levels corresponding with the general scene against which
the structures were viewed,
'interior' � grey levels as inside the analysed structures,
'outer neighbourhood' - grey levels as in the nearest neighbourhood surrounding
 analysed structures.

On the basis of the defined classes of pixels, membership functions related with the
reference histogram were then determined. Minimal frequencies of a reference
histogram reflected crossing points of membership functions, whereas maximal
frequencies of the histogram were equal 1 and corresponded to the membership
function. The degree of pixel membership was defined by IF-THEN fuzzy rules.
For instance:

IF  pixel x1 belongs to 'background'   AND  pixel x2 belongs to 'outer
neighbourhood'  THEN   set pixel  x2  as 'black';
IF pixel x1 belongs to 'outer neighbourhood' AND pixel x2  belongs to  'interior'
THEN  set the pixel x2 as 'white'.

The use of the method for processing of epifluorescent images of renal glomeruli
acquired with a confocal microscope allowed to segment renal capillaries and
mesangium (Fig. 1).

4.2 Fuzzy Sets for Segmentation of Interstitial Fibrosis

Colour images of interstitial tissue were first smoothed before detection the fibrosis
areas. The averaging approach within a 3x3 sample matrix of pixels was used to
remove noisy pixels. The average colour of the central pixel within the sample matrix
was determined taking into account the colours of its eight neighbouring pixels in
RGB colour space as follows:
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Fig. 1. A confocal image of a renal glomerulus (top left), binary version of the pre-processed
image (top right), segmented capillary profiles (bottom left), edges of the segmented
glomerulus and capillaries (bottom right)

[45; 75] for red, [105; 155] for green and [140; 180] for blue coordinates. The
remaining colours represented the normal part of the tissue (in red tones). The colour
of each pixel�s was compared with colours of eight,  3x3 matrices of neighbouring
pixels (namely, two 3x3 neighbourhoods in four directions). For each of the
neighbourhoods, the average colour in RGB colour space was first found.

Then, colour contrast between two pixels was defined as the square of the
Euclidean distance between the colour vectors v1=(R1, G1, B1) and v2=(R2, G2, B2)   as
shown in Eq. (1).

Contrast (v1, v2 )= (R2 - R1)2 + (G2 - G1)2 + (B2 - B1)2. (1)

The contrast between the two colour vectors: [45, 105, 140] and [75, 155, 180]
resulted 5000 (Eq. 1), and defined the threshold for blue tones, tblue.

Colour contrast between a pixel and the average colour of each of its eight
neighbourhoods were then calculated and compared with the threshold tblue.

If a contrast (Eq.1) at one direction exceeded the threshold tblue then the pixel was
decided to belong to the red tone area else to blue tone spots. In this way edges
between red and blue areas were detected (Fig. 2).
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Fig. 2. A light microscopy image of the interstitial tissue (left), binary version of the segmented
fibrosis (in black) (right)

5 Implementation
The segmented glomerular profiles glomi allowed the estimation of the mean
glomerular volume v  in random section analysis [2], [7], as shown in Eg. 2

v = ∑ Area (glomi) / n. (2)

where n is the number of detected glomerular profiles.
Analysing series of confocal images, we calculated the total volume V of each

glomerulus [2], [7], as a single particle volume (Eq. 3.)

V =  z ∑ Area ( glomi ) (3)

where  z is the step of optical sections acquired with a confocal microscope  and glomi
is the glomerular profile on section i   (i=1, ... , k; k is the number of  confocal images
representing consecutive profiles of the entire glomerulus).

Analogously, we assessed the volume of mesangium in confocal images. The
degree of fibrosis was assessed as shown in Eq. 4.

%fibrosis = 100•∑ Area ( blue ) /Area ( red ) (4)

where blue denotes the part of the tissue in blue tones while red in red tones.
Techniques presented in this paper were implemented for preliminary comparative

light microscopy studies of 15 cases with minimal change disease 'mcd' and 15 cases
with focal segmental glomerulosclerosis 'fsgs' in children. The mean glomerular
volume in 'mcd' was 13.1 ± 4.4 x105 microm3 while 14.9 ± 7.9 x105 microm3 in "fsgs'.
The degree of fibrosis was 20.6% ± 6.2% in 'mcd' while 48.7% ± 10.7% in 'fsgs'. A
network of blue fibres around glomeruli and interstitum in 'mcd' cases constituted, on
average, 20.6% of the tissue. In 'fsgs' cases the results were 2.3 times higher than in
'mcd' cases and showed how much the fibrosis expanded in interstitial tissue in
process of the disease.

Studies of normal rat renal glomeruli developed in confocal microscopy indicated
that the glomerular volume ranged from 16.3 to 27.8 x105 microm3 and confirmed
previous results [2], while the volume of mesangium was on average 14.3 x105

microm3.
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6 Final Comments

Fuzzy sets have recently attracted much attention in medical imaging and were also
used for segmentation of kidney boundaries in MR images [1]. Major problems in
processing of kidney images studied in microscopy were related with the use of
several rank and/or median filters [3]. Since weighted fuzzy mean filters show lower
computational complexity, than the standard median filter [5], therefore, the weighted
average approach and fuzzy logic were implemented in this study.

Studies on membranous glomerulonephritis [6] showed that the percentage of
fibrosis varied from 10.3% in stage I of the disease to 34.2% in stage V. In our study,
the area of detected blue rings around glomeruli was included in the determined
%fibrosis and increased the results. However, comparing the results of "mcd' cases
with 'fsgs' cases, we can assess the progress of pathological changes with the same
systematic error of measurements. Our further work will be focussed on the
elimination of the 'glomerular ring' bias.
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Abstract. Cancer cluster detection in small communities is an impor-
tant but complicated field of cancer epidemiology, due to large statisti-
cal errors of both types associated with the detection. In this paper,
authors show the use of a new approach to this problem. This approach
is based on three complementary techniques.  One is aimed at detection
of the cluster, and two others are applied after cluster detection in order
to confirm or reject the cluster. Included is application of the approach
in small agricultural-industrial communities of the South of Israel. The
approach reduces both types of statistical errors, increases the chance to
detect a true clustering and enables a first step in the identification of
the cause of a cluster detected.

Keywords: Cluster analysis for medical applications, Temporal pattern
analysis, Cancer epidemiology, Small agricultural-industrial communi-
ties.

1 Introduction

For the last years, detection of cancer clusters in local communities has been grown
up to a stand-alone problem, which professional meetings and special journal issues
are devoted to [see, for example, Ref. 4 and 12]. A fact that numerous epidemiologi-
cal investigations report relatively high rates of site-specific cancer among agricul-
tural workers speaks in favor of the significance of this problem [1, 3, 9, 10, 12, 13,
15, and 16]. Moreover, a pretty high incidence rate of lympho-proliferative cancers
among residents of a rural farming community reported also increase the problem
actuality [14].
As a matter of fact, all Israel agricultural-industrial communities (AIC) have apparent
chemical exposures, thus providing a good base for epidemiological studies.  Previous
studies of the use of pesticide in AIC show that both occupational and environmental
exposures can occur when residential neighborhoods are in close proximity to sprayed
areas. Furthermore, Blair et al. [2], consider research results of agricultural factors as
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a clue to understanding the etiology of cancer in the general population (which may
be exposed to agricultural chemicals distributed in the forms of food, water and air
pollutants).

Our study was planned and carried out in view of these findings, and in response to
the belief expressed by the communities’ members that cancer rates were in general
high in some of the AIC in South Israel.

Due to the fact that both types of statistical errors are bound to inflate, it is impor-
tant to consider the possibility that a detected cluster is false, i.e., related to a rare oc-
currence rather than to an exposure. Chen R. et al. proposed to apply several comple-
mentary techniques in order to detect and to interpret clusters in small communities
[4-8]. These techniques made the method we used in our study.

2  Materials

The residents of 45 AIC were included in the study. These communities were estab-
lished in the period from 1937 to 1957. The distribution of population by age (divided
by 5-years intervals: 0-4, 5-9, etc.) and gender for each year over 1972-1996 period
was acquired from two organizational bodies of AIC.

Cancer incidence data in AIC over 1972-1996 years were obtained from Israel
Cancer Registry and AIC clinics. Observed cancer cases in AIC were stratified by
age, gender and by site (by ICD9). As baseline rates we used the gender-age and site-
specific incidence rates of the Jewish population in Israel in each of the 25 years of
observation.

3 Methods

The analysis comprises the following techniques: (1) cluster detection, (2) cluster
confirmation (3) possible interpretations of the cluster. The detection and confirma-
tion are based on tests of significance; each of them is applied to a distinct part of the
data. The first test, CUSCORE-test, is a procedure of sequential type [7]. If the test
gives a significant result, we consider it as a cluster and apply the special confirma-
tory test to the first 5 cases following the detected cluster. The cluster interpretation is
based on the temporal pattern of the cases [5, 6].

3.1 The q-Interval

The q-interval is the probability for no case within the time interval observed between
consecutive cases in the data set [5]. For example, if the 9-th case occurred on No-
vember 15 1969, and the 10-th case occurred on January 15 1971, q10 is the null prob-
ability for no case within the 14-month period (between Nov. 15, 1969 and Jan. 15,
1971). This probability is evaluated under the assumption that the distribution of the
time interval between consecutive cases is exponential [5]. Namely,

,)exp( ii RIq −= (1)

where RIi is the expected number of cases in the relevant period.
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Although qi is evaluated as a probability, it is actually a random variable, since its
value is determined by a random time interval. Its distribution is uniform over 0-1 and
its expected value is 0.5 [5].

When the cases are more frequent than that expected  (as it happens within a clus-
ter),  the q-values are likely to be larger than 0.5. Accordingly, a sequence of large
q-intervals (larger than 0.5) indicates clustering.

The efficiency of the CUSCORE-test for the q-interval is not adequate when the
dataset is large. Therefore, a modified q-interval is used for data sets that are larger
than 23.

The modified q-interval (which we will call q(3)-interval) is defined as a probabil-
ity to observe less than 3 cases over the time interval in which 3 cases were registered.
The value of every q(3)-interval is calculated by the gamma distribution. Since the
exponential distribution is a special case of the gamma distribution, the q-interval
effectively is the q(1)-interval.

3.2 The CUSCORE-Test of Significance

The CUSCORE test [7] is aimed at detection of temporal clustering of some events
embedded within the data set. Each interval is defined as either short or long, accord-
ing to the expected number of events within it. It is defined as short if the RI  is equal
to or smaller than an appropriate critical value k. The critical value k of the
CUSCORE-test of significance is determined with accordance to the data size and
q(1)- or q(3)-interval.

Table 1. Critical interval (k) between cases for given number of events (S)

S q(1) k
  5 0.451 0.797
  6 0.493 0.707
  7 0.554 0.590
  8 0.579 0.546
  9 0.606 0.501
10 0.623 0.474
11 0.638 0.450
12 0.649 0.433
13 0.659 0.417
14 0.667 0.405
15 0.674 0.394
16 0.681 0.384
17 0.687 0.376
18 0.692 0.368
19 0.696 0.362
20 0.701 0.355
21 0.705 0.350
22 0.708 0.345
23 0.712 0.340
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The test is based on a cumulative score. Initially, the score equals 0 and it increases
by 1 with every case if the interval is short and decreases by 1 in opposite situation.
However, the score is never smaller than 0. When a long interval appears and the
score after the previous case is 0, the test is recycled, namely the score value remains
0 (not �1). The test is significant (i.e. cluster is found) if the score equals 5 for any of
the S analyzed cases.

Using Markov-chain approach, the critical values k were calculated for signifi-
cance levels 0.05 (using n = 5) [7]. Tables 1 presents the q(1) and critical values k for
5÷23 cases ( S). Table 2 presents the q(3) and the associated k for S = 24÷60.

Table 2. Critical interval (k) until the 3rd case for given number of events (S)

S q(3) k
24 0.579 2.364
27 0.606 2.263
30 0.623 2.201
33 0.638 2.145
36 0.649 2.104
39 0.659 2.065
42 0.667 2.036
45 0.674 2.009
48 0.681 1.984
51 0.687 1.963
54 0.692 1.943
57 0.696 1.928
60 0.701 1.909

3.3 The Confirmatory Technique

Two confirmatory procedures have been put forward, based on the RI corresponding
to the first 5 cases observed after the cluster is detected [6]. One technique is based on
the mean; the other is based on the median RI value.  According to the results of the
test one of the following is concluded: (1) The cluster is  if the statistic (mean or me-
dian RI) is smaller than the corresponding critical reference value t1. (2) The cluster is
rejected if the statistic is above t2. (3) The judgment about the cluster is reserved if the
statistic value is between t1 and t2. The median confirmatory technique is used when
less than 6 cases are expected between the cluster detection and the end of the study.
The mean technique is functional if the expected number of cases is larger than 5.
The reference values for both methods were aimed at confirming only 25% of the
false clusters and 97.5% of the true clusters when the rate is twice the baseline rate.
Accordingly, for the median technique t1=0.4455 and t2=0.9600; for the mean tech-
nique t1=0.6737 and t2=1.0242 [6].

3.4 The Temporal Pattern of the Cases

The q-intervals reflect the temporal incidence rates of the cases. This temporal pattern
may be used for cause interpretation of the detected cluster [5, 8].
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3.5 How the Techniques Work Altogether: An Example from Our Study

Here we present an example where q(3) is in use. Table 3 presents 35 cases of all can-
cer sites in males of AIC No. 6. The date of each third case is shown in this table.
RI1 is the number of cases expected between 1/1/72 (the start date) and the date of the
3rd case, RI2 is the number of cases expected between the 3rd and the 6th cases.

The critical value k for 35 cases is 2.145. Therefore, the score is in-
creased/decreased by 1 if the observed RIi is smaller/larger than 2.145. All RIi where
i ≤ 5 are smaller than k, hence a cluster is detected on the date of 15th case (31/12/82).
Here  the mean confirmatory technique is applied to the time interval from the cluster
detection date (31/12/82) to the date of 20th case (31/8/84-not shown in the table). The
RI  for this period (from 31/12/82 to 31/8/84) is 1.2647; thus the mean RI is 0.2529.
As this mean  is smaller than t1=0.6373, the cluster is confirmed. The q(3) values,
clearly support these results as except of the last one, each of them is larger than 0.5,.

The procedure for evaluation of q(1) is demonstrated in "Method".

Table 3. Data of all sites cancer in males of AIC No. 6

i Case No. Case date RI q(3) CUSCORE
1 3 31/1/74 0.7334 0.962 1
2 6 31/01/78 1.9389 0.693 2
3 9 31/03/80 1.1738 0.886 3
4 12 31/01/82 1.2240 0.874 4
5 15 31/12/82 0.6406 0.973 5
6 18 01/05/84 1.0685 0.907
7 21 31/05/85 0.8039 0.952
8 24 30/06/87 1.7618 0.741
9 27 31/12/89 2.2031 0.622

10 30 30/06/91 1.2928 0.859
11 33 30/06/93 1.7361 0.748
12 36 >31/10/96 >3.006 <0.422

4 Results

We found clusters in 14 AICs (over all 45 we analyzed). In 7 of 14 AICs an exposure
to local cancer risk factor(s) has a solid basis as a reason leading to true cluster, be-
cause the results display the only cluster confirmed. Table 3 shows up the analysis
outcome for this case. The clusters detected in 4 AICs are not confirmed because they
were found at the end of observation period. Therefore further follow up is required in
order to make decision to reject or confirm those clusters.

Datasets of 3 AICs are composed of two periods: alarming interval (time when the
cuscore is growing up to 5) and time when observed cases are going down (they are
lower than expected ones). Such a phenomenon can happen when all sensitive indi-
viduals (especially in a closed community) have already responded to the local cancer
risk factor(s), or when the local cancer risk factor(s) has ceased to exist. We can call
this observable fact �past clustering�.
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5 Conclusions

Using the analysis, we managed to find certain important scenarios about increased
cancer risk in AIC. These scenarios are: 1) confirmed cluster; 2) detected cluster that
requires further observation, 3) �past� clustering. In all 3 scenarios, it is logical to
assume that exposure to local cancer risk factor(s) is a reason of cancer clustering.

We can highly recommend to use the approach every time when one needs to de-
tect clusters of any kind (not only cancer ones) in small quasi-close communities.
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Abstract. The present paper is devoted to the pattern recognition
procedures that simultaneously use the information contained in the
empirical data (learning set) and the set of expert rules with unprecisely
formulated weights understood as conditional probabilities. Adopting
the probabilistic model the combined and unified recognition
algorithms are derived. In the first approach algorithm is based simply
on the both set of data, in the second however, one set of data is
transformed into the second one. Proposed algorithms were applied
practically to the diagnosis of acute renal failure in children. Obtained
results have proved its effectiveness in the computer medical decision-
making.

1 Introduction

The design of the classifier in statistical pattern recognition generally depends on
what kind of information is available about the probability distribution of classes and
features. If this information is complete, then the Bayes decision scheme can be used.
If such information is unknown or incompletely defined, a possible approach is to
design a system, which will acquire the pertinent information from the actually
available data for constructing a decision rule. Usually it is assumed that available
information on the probability characteristics is contained in a learning set consisting
of a sequence of observed features of patterns and their correct classification. In such
a case many learning procedures are known within empirical Bayes decision theory,
which lead to the different sample-based pattern recognition algorithms (e.g. [1]).

Another approach, interesting from both theoretical and practical point of view,
supposes that appropriate information is contained in expert knowledge. A typical
knowledge representation consists of rules of the form IF A THEN B with the weight
(uncertainty measure) α. These rules are obtained from the expert as his/her
conditional beliefs: if A is known with certainty then the expert's belief into B is α. In
this case numerous inference procedures are proposed and very well investigated for
different formal interpretations of the weight α [2-4].
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Since till now there is lack of methods which combine features of these two
approaches: sample-based recognition and knowledge-based methods, hence in this
paper we shall focus our attention on decision algorithms for the case in which both
the learning set and expert rules are available. Additionally, adopting the probabilistic
interpretation of weight coefficients, we suppose that expert rules are not provided
with exact value of α (i.e. conditional probability), but only an interval is specified
(by its upper and lower bounds), into which this probability belongs. In one of the
discussed concept first the learning set is transformed into the set of �artificial� expert
rules, and then - having the homogenous form of information - we calculate
approximated values of a posteriori probabilities, which can be used in the Bayes
decision scheme.

This paper is a sequel to the author's earlier publications [5,6] and it yields an
extension of the results included therein.

2 Preliminaries and the Problem Statement

Let us consider the pattern recognition problem with probabilistic model. This means
that vector of features describing recognized pattern  x∈X⊆Rd  and its class number
j ∈M = {1,2,...,M} are observed values of a couple of random variables X and J,
respectively. Its probability distribution is given by a priori probabilities of classes
pj = P(J = j),  j∈M, and class-conditional probability density functions (CPDFs) of X
fj(x) = f(x/j),  x∈X,  j∈M. Pattern recognition algorithm ψ maps the feature space X
to the set of class numbers M, viz.

Ψ:X→M. (1)

If probabilities (1) and CPDFs (2) are known, i.e. in the case of complete
probabilistic information, the optimal (Bayes) recognition algorithm  Ψ* minimizing
the probability of misclassification Pe makes decision according to the following rule:

),(max)(      if     )(* xpxpix k
k

i
M∈

==Ψ (2)

where a posteriori probabilities pj(x)  can be calculated from the Bayes formula.
Let us now consider the original and interesting from practical point of view

concept of recognition. We assume that a priori probabilities and CPDFs are not
known, whereas the only information on the probability distribution of J and X is
contained in the two qualitatively different kinds of data:

Learning set

S = {(x1, j1), (x2, j2), ..., (xL, jL)},   xi∈X,    ji∈M, (3)

where xi denotes the feature vector of the i-th learning pattern and ji is its correct
classification. Additionally, let Si denotes the set of learning patterns from the i-th
class.
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Expert rules

R = {R1, R2, ..., RM}, (4)

where

{ } NNirrrR i
iN

iiii =∑∈=    ,   ,,...,, )()2()1( M (5)

denotes the set of rules connected with the i-th class. The rule ri(k) has the following
general form:

)()()(     thanless  and angreater thy  probabilitWITH    THEN    )(  IF
k

i
k

i
k

i p  p jxw =J

where wi
(k)(x) denotes a predicate depending on the values of the features x. We will

continue to adopt the following equivalent form of the rule )(k
ir :

,for      )( )()()( k
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k
ii

k
i xpxpp D∈≤≤ (6)

where

true} :{ )()( =∈= k
i

k
i wx XD (7)

will be called rule-defined region.
Now our purpose is to construct the recognition algorithm

Ψ(S, R, x) =  Ψ
SR

(x) = i, (8)

which using information contained in the learning set S and the set of expert rules R
recognizes a pattern on the basis of its features x.

3 Pattern Recognition Algorithms

In the sample-based classification, i.e. when the only learning set S is given, one
obvious and conceptually simple method is to estimate a priori probabilities and
CPDFs and then to use these estimators to calculate a posteriori probabilities (let say

)()( xp S
i ), i.e. discriminant functions of the optimal (Bayes) classifier (2).
On the other hand, using this concept in the case when only the set of rules R is

given, we obtain the so-called GAP (the Greatest Approximated a posteriori
Probability) rule-based algorithm, which originally was introduced in [5]:

),(max)(      if     )( )()( xpxpix R
kk

R
iR

M∈
==Ψ (9)

where )()( xp R
i  denotes approximated a posteriori probability of  i-th class calculated

from the set R (details of estimation procedure can be found in [6]). In the sequel, we
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shall suppose that both sets S and R are given. Now, in order to find the algorithm (8)
we propose the following concepts:

Mixed algorithm

In this approach we have:

),(max)(      if     )( )()(S xpxpix SR
kk

R
iSR

M∈
==Ψ (10)

where )()()(S )1()()(  R
k

S
k

R
i pxpxp ββ −+=  and mixing coefficient ]1,0[∈β  can be

calculated experimentally.

Unified algorithms

Now, in order to find (8) we will transform one set of data into the second set and
next, having the homogenous form of information, we can simply use either the GAP
algorithm (for transformation S→R) or recognition algorithm with learning (e.g.
empirical Bayes or NN - nearest neighbour decision rule [1]) for transformation R→S.
Our proposition of procedures for �the unification of information� is as follows:

Algorithm S→R

Idea of this algorithm consists in interval estimate of a posteriori probability [7] on
the base of learning set for each rule-defined region and next the confidence limits of
this interval are treated as upper and lower bounds of a posteriori probability in a new
�artificial� rule. Namely:
1. Adopt initial conditions: the number of �artificial� rules for decision i - iL' , rule-

defined regions - )(k
iD  ( iLk ',...,2,1= ),

2. Calculate: ,
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where n and m denote the number of all learning patterns and the number of learning
patterns from the ith class belonging to )(' k

iD , respectively. αu  is a critical value of
standardized Gaussian distribution for given level of confidence α.
3. Repeat steps 1 and 2 for all M∈i .

Algorithm R→S

1. Adopt initial conditions: the number of �learning� patterns per rule - m,
2. For rule )(k

ir generate m couples ),( ix , where x is uniformly distributed in )(k
iD

random number and M∈i  is natural number generated as follows:
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3. Repeat the step 2 for all rules M∈∈ iRr i
k

i , )( .
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All the decision algorithms that are depicted in this chapter have been experimentally
tested as far as the decision quality is concerned. Measure for the decision quality is
the frequency of correct diagnoses for real data that are concerned with diagnosis of
acute renal failure in children. The purpose of our research and associated tests was
not only the comparative analysis of the presented algorithms but also answering the
question whether mixed and unified algorithms (i.e. algorithms using both sets of
data) would yield a better decision quality as compared to rule-based (GAP) and
sample-based (EB-empirical Bayes [1]) algorithms. The next chapter describes the
performed tests and their outcome.

4 Computer-Aided Diagnosis of Acute Renal Failure (ARF)

The diagnosis of ARF as a pattern recognition task includes the following ten classes
(etiologic types of ARF): toxicosis, nephrotic syndrome, sepsis, acute
glomerulonephritis, uremic-haemolytic syndrome, circulatory failure, renal vain
thrombosis, andrenogenital syndrome, postrenal failure, others (prerenal or intrarenal)
[8]. The vector of features x contains the values of 53 items of clinical data (general,
past and/or concurrent diseases, anamnesis, physical examinations, laboratory
examinations, gasometric examinations, morphology of the blood, serum, serum
ionogram, urine).

In the Department of Pediatric Nephrology of Wrocław Medical Academy the set
of 380 case records of children suffering from ARF were collected, which constitute
the learning set (3). Each case record contains administrative data, values of clinical
features and a firm diagnosis. Most of the diagnoses were made during the period of
hospitalization according to the generally accepted criteria. 25 children had died and
the anatomopathologic findings provided a definite diagnosis.

Furthermore, the knowledge base for the diagnostic problem in question contains
165 rules (4) which connect the observed values of clinical data with etiologic type of
ARF. For example: IF {skin=icteric} AND {trombocytes=increased} AND
{reticulocytes=increased} THEN  uremic-haemolytic syndrome PROBABILITY
0.5-0.6.

In order to study the performance of the proposed recognition concepts and
evaluate their usefulness to the computer-aided establishing of the etiology of ARF,
the computer experiments were made. The outcome is shown in Table 1. It includes
the frequency of correct diagnoses for the investigated algorithms.
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Table 1. Results of empirical tests

No Algorithm
Accu
racy
[%]

1 GAP algorithm with the set R 83,2
2 EB algorithm with the set S 91,6
3 Mixed algorithm (10) with β=0.25 86,3
4 Mixed algorithm (10) with β=0.4 87,1
5 Mixed algorithm (10) with β=0.5 88,5
6 Mixed algorithm (10) with β=0.6 90,3
7 Mixed algorithm (10) with β=0.75 92,8
8 GAP algorithm with sets R+S (α=0.01 in the unification procedure) 85,2
9 GAP algorithm with sets R+S (α=0.025 in the unification procedure) 85,8
10 GAP algorithm with sets R+S (α=0.05 in the unification procedure) 86,4
11 GAP algorithm with sets R+S (α=0.1 in the unification procedure) 84,3
12 EB algorithm with sets R+S (m=1 in the unification procedure) 93,8
13 EB algorithm with sets R+S (m=2 in the unification procedure) 95,6
14 EB algorithm with sets R+S (m=5 in the unification procedure) 96,4
15 EB algorithm with sets R+S (m=10 in the unification procedure) 95,1

5 Conclusion

In this paper we have focused our attention on the recognition technique via empirical
data (learning set) and the expert rules (knowledge representation). Taking the
probabilistic model of classification, we discuss different concepts of pattern
recognition algorithms. Their classification functions, based on the Bayes decision
scheme, are obtained as approximated values of class a posteriori probabilities. This
means, that the both sets of data are treated as a source of information about the
probability distribution of appropriate random variables.

Presented algorithms have been experimentally tested on the real data. All the
experiments show that algorithms which use the both sets of data are much more
effective as far as the correct decision frequency is concerned than algorithms which
include only one set of data. This testifies that the proposed conceptions are correct,
and demonstrates effectiveness of the proposed algorithms in such computer-aided
medical diagnosis problems in which both the learning set and expert rules are
available.
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Abstract. Computer methodologies are being developed to assist radi-
ologists, as second readers, in the interpretation of mammograms. This
could represent further amelioration by increasing diagnostic accuracy
in the screening programs. We have developed a computerized scheme
to detect clustered microcalcifications in digital mammograms, using
100 mammograms that were randomly selected from the mammographic
screening program, currently undergoing at the Galicia Community
(Spain). After the digitization process, the breast border was initially
determined. A wavelet-based algorithm was employed to detect the
clusters of microcalcifications. The sensitivity achieved was 79% at a
false positive detection rate of 1.83.

1 Introduction

Although breast cancer is still one of the main causes of death in women [1], it is
recognized that an early detection and treatment can reduce the mortality rates pro-
duced by this disease. An independent double reading improves breast cancer detec-
tion rates [2], but the additional cost that double reading implies is considered to be
beyond the possibilities of many departments and health service administrations [3].
Several researchers have pointed out the possibility to employ computer-aided diagno-
sis (CAD) schemes to aid radiologists, in the interpretation of mammograms [4],
During the last decade CAD has been largely developed to improve the diagnostic
accuracy in both the detection and classification of masses [5, 6] and clustered micro-
calcifications [7, 8], signs that may indicate the presence of breast cancer.
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Many investigators have reported automated algorithms to detect microcalcifica-
tions in mammograms. Veldkamp and Karssemeijer [7] have developed a computer-
aided diagnostic method based on the use of Bayesian techniques and application of a
Markov random field model. Others employed filter based methods or wavelet trans-
form techniques to detect the microcalcifications [9, 10]. Finally, we have also pro-
posed, as a further step in our CAD schemes [11], that wavelet transform techniques
could be used for the detection of clustered microcalcifications. In fact, we have de-
veloped a method based on the wavelet transform applied to the complete mammo-
gram, employing digital mammograms digitized at a pixel size of 87.5 µm and 1024
gray levels, was previously developed at our Laboratory, and consequently published
[12], with the same image database. In this work, we have digitized the mammograms
at a pixel size of 87.5 µm and 4096 gray level values.

2 Materials and Methods

1.1 Acquisition of Digital Mammograms and Database Characterization

Fifty-five mammograms containing 95 clusters o microcalcifications were digitized at
a resolution of 2000x2500 pixels, and 4096 gray level values (12 bits precision) em-
ploying a Lumiscan 85 laser scanner (Lumisys Inc., Sunnyvale, CA). Images were
directly stored via SCSI interface on a magnetic disk array Sun StorEDGE A5100, and
a Sun Ultra 80 Workstation (Sun Microsystems, Inc., Mountain View, CA), was used
for all the calculations.
All the lesions were ranked by two experienced radiologists by consensus in a four-
level decision scale, level 1, corresponding to obvious cases (24), level 2, for rela-
tively obvious cases (36), level 3, corresponding to subtle cases (24), and level 4, for
very subtle cases (11).
Contrast value and size for each microcalcification were computed to characterize the
database. A mean size of 29.61±23.63 pixels was obtained. The mean contrast com-
puted was 0.03325±0.0196.

1.2 Detection of Clusters of Microcalcifications

The general scheme to detect clusters of microcalcifications is a five-step process, that
involves: a) detection of the breast border, b) application of one-dimensional wavelet
transform, c) application of local gray level threshold, d) clustering procedure, and
e) reduction of false positives.

Detection of the breast border: to detect the breast border, an algorithm that computes
the gradient of gray levels was applied. First, a thresholded version of the entire
mammogram was calculated, obtained to avoid artefacts that produced distortion when
the border was calculated. Next, five points were automatically selected as reference
points to divide the breast into three regions. To calculate these points, an analysis of
the relative position of the breast and the film border was performed. These five refer-
ence points delimited three regions over the breast. Then, a tracking algorithm, based
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on the relationship between gray level values of neighbour pixels, was applied over
the three regions in a similar way, varying only on the starting point and the direction
of application of the algorithm [13].

Application of wavelet transform: when the breast border was calculated, wavelet
transform techniques were applied. Previous studies [12] have demonstrated that one-
dimensional wavelet transform provides similar results in detecting microcalcifica-
tions to those of the two-dimensional wavelet transform, and saves computation time.
Because of this, one-dimensional wavelet transform techniques were implemented.
Each image was divided into vertical lines, and wavelet transform was applied over
each line constituting the image. Lines were recomposed employing the high fre-
quency components of the wavelet sub-images that enhanced the microcalcifications,
previously determined [12]. The result was an image with the high frequency compo-
nents enhanced, while the low frequency background structure was removed. Over the
reconstructed image obtained for each mammogram, a global threshold was applied,
and a binary image giving all the possible points of microcalcifications was created.
This threshold value was based on the values of the wavelet coefficients; to obtain it,
several maxima values of the wavelet coefficients were calculated for each line con-
stituting the image. The pixel positions corresponding to values of wavelet coefficients
that were greater that an imposed constraint value, were considered as points of mi-
crocalcifications and translated to the binary image.

Application of local gray level threshold: a local gray level threshold, based on the
difference between the gray level value of each detected signal and the gray level
value of a region of the original mammogram, centered on the signal, was applied over
the points of the binary image translated to the original one [12]. In this way, the seed
points of microcalcifications were calculated, and a region growing algorithm was
applied. Average gray level value of each seed point and the eight pixels spatially
connected to it was calculated, as well as the standard deviation. A new spatially con-
nected pixel was considered. If the difference between the gray level value of the new
pixel and the average gray level value previously calculated was lower or equal than
the standard deviation, the pixel was included into the microcalcification, and a new
average and gray level value were calculated. The procedure continued until there
were no more spatially connected pixels verifying the required condition. A contrast
test was then applied over the detected signals to reduce the number of false detec-
tions.

Clustering procedure: several definitions of cluster of microcalcifications have been
given. We have chosen the definition given by Kopans, that describes a cluster as five
or more signals within region of 1 cm2 of area [14]. To group the detected microcalci-
fications, and according to the definition of Kopans, we have considered a window of
1 cm2 of area, initially situated at the lower left-hand corner of the image [12]. The
number of signals present in the area limited by this window was counted: if there
were 5 or more signals, they were considered to form a cluster of microcalcifications.
Otherwise, they were considered as false positives and rejected. The window was then
moved 0.5 cm in the vertical direction, and the process was repeated. When the win-
dow reached the upper limit of the image, it was moved 0.5 cm in the horizontal di-
rection. The process continued until all the image was examined. Since there were
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regions of the mammogram that were analyzed more than once, microcalcifications
located in these regions could belong to different clusters at the same time. To avoid
these overlapping problems, clusters with at least one common microcalcification
were considered to be the same cluster.

Reduction of false positives: the final step in the detection process was the reduction
of false positives by employing discriminant analysis. This was performed by applying
the SPSS software package for Windows [15] to some input properties of the detected
clusters, previously calculated.

3 Results

The 55 mammograms of our study were analyzed to detect possible clusters of micro-
calcifications employing the automated detection scheme described above. Figure 1
shows an example of an original image containing a cluster of microcalcifications, and
the results of the detection procedure.

  a)   b)

Fig. 1. a) An original mammogram containing a cluster of microcalcifications, and b) Results
of the detection process (indicated by white arrows): the cluster detected, and the presence of a
false positive

The system achieved a sensitivity of 79% with a mean number of 1.83 false posi-
tives per image.

4 Discussion

Computerized detection of microcalcifications has been at the frontispiece of investi-
gation over the last years. Research on interpretation and analysis of mammograms
has shown that detectability of microcalcifications depends on the subtlety of the
original signals, but also on the limited contrast sensitivity of film screen system, on
the image noise, or the presence of artifacts. However, it is clear that a computer
scheme will be clinically useful only when it provides a detection rate higher or equal
than when either the human observer or the computer work alone.

In this work we are investigating on an automatic wavelet-based algorithm for the
detection of clusters of microcalcifications on digital mammograms. We have applied
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one-dimensional wavelet transform over each vertical line constituting the image, in
order to enhance the microcalcifications. This is a less-time consuming process, be-
cause the wavelet transform is only computed in one direction, and it is not limited to
either square or rectangular regions, because it performs over each line of the image
and, as a result, it can be applied over irregular areas, such as the mammographic
region.

In a previous study [12], we have developed a similar method to detect clustered
microcalcifications in digital mammograms, employing a 10 bit precision scanner for
the digitisation process. We have obtained a sensitivity of 76.43% at a false positive
of 1.57 per image. In this work, our sensitivity has increased up to 79%, as well as the
mean number of false detections: 1.83 per image. This is due to the fact that the algo-
rithm has not been neither optimised nor modified for the new parameters that neces-
sarily include the increase in gray level values, produced by the digitisation process at
12 bits precision. Even although the sensitivity needs to be improved, we do not be-
lieve that this implies that the detection system is not beneficial for breast cancer de-
tection: one of the requirements for a computer detection scheme to be helpful, apart
from a high sensitivity, is a reasonably low number of false positives that allows the
radiologists to analyze mammograms easily. The mean number of false positives per
image yielded by our system will not confuse the radiologist by suggesting normal
areas as suspicious. Thus, the use of our detection scheme could lead to a reduction in
the number of biopsies to be performed.

Other techniques employing wavelet transform are applied over ROIs (Regions Of
Interest). Zhang et al. [16] employed weighted wavelet transform algorithms over
ROIs of 12.8x12.8 mm2, obtaining a sensitivity of 83% with a specificity of 80%.
Yoshida et al. [13] have also developed a technique based on wavelet transform, ob-
taining a 95% of sensitivity and 1.5 false detections per image, but they combined
wavelet transform with a filtering procedure.

Our results suggest that the system developed is competent to complement the in-
terpretation of radiologists in their daily practice, and also to improve their diagnostic
performance. Future work will address to the issue of optimising the parameters for
the high resolution system, in order to improve the sensitivity and to reduce the num-
ber of false detections.
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Abstract. We propose a methodology, based on Computer Algebra and
implemented in CoCoA language, for constructing rule based expert sys-
tems, that can be applied to the diagnosis of some illnesses. For the sake
of clarity, our proposal uses a simplified description of depression, assum-
ing that our aim is the proposal of a general methodology rather than
the study of this particular illness.

1 Introduction

We propose a method of construction of rule based expert systems (denoted as
RBES) for diagnosis of some illnesses. Depression is used as illustration, even
though, for the sake of simplicity, only a very small amount of information on
depression is used.

RBES have usually three components: a “knowledge base”, an “inference
engine”and an “user interface”.

Our particular knowledge base encodes information about depression, in
form of propositional logic formulae (called “production rules”) of the form:

◦x[i] ∧ ◦x[j] ∧ ... ∧ ◦x[k] → ◦y[l]
where “◦” represents the symbol “¬” (meaning “no”) or no symbol at all; “∧”
and “→”stand for “and” and “implies”, respectively. In some formulae below
the symbol “∨”, which stands for “or” is also used.

Our inference engine proceeds as follows: first, logical formulae are auto-
matically translated into polynomials and second, “Gröbner bases” and “normal
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Table 1. Predisposing factors

Rules x[3] ∧ x[4] x[3] ∧ ¬x[4] ¬x[3] ∧ x[4] ¬x[3] ∧ ¬x[4]

x[1] ∧ x[2] y[1] y[1] y[2] y[2]
¬x[1] ∧ x[2] y[1] y[1] y[3] y[3]
x[1] ∧ ¬x[2] y[2] y[2] y[3] y[4]
¬x[1] ∧ ¬x[2] y[2] y[3] y[4] y[4]

forms” are applied to these polynomials using CoCoA [1]. The background the-
ory is original of a group of researchers to which the authors belong.

The user interface provides an Internet implementation of the “HARD”
(Humeur, Anxieté, Ralentissement, Danger) diagram of Ferreri and Rufin [5]
developed by one of the authors of this paper [3].

2 The Knowledge Base

The knowledge base is constructed by weighting the factors (only some predis-
posing, triggering and symptomatic factors will be considered) that lead to a
diagnosis of depression.

2.1 Predisposing Factors

We only consider as predisposing factors: familiar antecedents, hormonal alter-
ations, personality and external influences (translated by the variables x[1], x[2],
x[3] and x[4], respectively). Any of these variables preceded by the symbol “¬”
represent the non-existence of the corresponding factor.

The information about predisposing factors is set into a table (Table 1), that
summarizes the 16 conjunctions of four different elements taken from the set
of the variables above and their negations. An intensity, called “intensity 1”
is assigned to each of these conjunctions: y[1], y[2], y[3] and y[4] mean: high,
medium, low and non-existing “intensity 1”, respectively.

Such an assigning gives rise to 16 implications between each of the mentioned
16 conjunctions and its corresponding intensity. They can be logically simplified
to 9 production rules (in this case), of which one is transcribed as illustration:

R5 : x[1] ∧ ¬x[2] ∧ ¬x[3] ∧ x[4] → y[3]

R5 translates the statement: “IF familiar antecedents = yes AND hormonal
alterations = no AND personality problems = no AND external influences =
yes, THEN intensity 1 (of predisposing factors for depression) = low”.
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2.2 Triggering Factors

We only consider as triggering factors: family separations and/or deaths (denoted
x[5]) and personal failure (denoted x[6]). The non existence of these factors is
denoted ¬x[5] and ¬x[6], respectively.

In the antecedent of each production rule corresponding to triggering fac-
tors, a variable of the set “intensity 1” (e.g y[1]) must appear in order to reflect
that triggering factors do not enter into action if there are not predisposing
factors.

The “intensity 2” levels of triggering factors are represented by z[i] (i =
1, .., 4) meaning, respectively, high, medium, low and non-existing. A table, sim-
ilar to Table 1, gives rise, after logical simplification, to eleven production rules,
R10 to R20, of which R12 is transcribed as illustration:

R12 : y[2] ∧ x[5] ∧ ¬x[6] → z[2]

R12 translates the statement “IF intensity 1 (of predisposing factors) = medium
AND separations and/or deaths = yes AND personal failure = no, THEN in-
tensity 2 (of triggering factors) = medium”.

2.3 Symptoms

We only consider as symptoms: isolation (x[7]), sadness (x[8]), lack of auto-
esteem (x[9]) and suicide thoughts (x[10]).

An “intensity 3” is assigned to each of the 16 conjunctions of symptoms
and/or their negations. w[1] (i = 1, .., 4), mean, respectively, high, medium, low
and non-existing “intensity 3”. They are resumed in eleven production rules,
R21 to R31, of which R24 is transcribed:

R24 : ¬x[7] ∧ x[8] ∧ ¬x[9] ∧ ¬x[10] → w[3]

R24 translates the statement: “IF isolation = no AND sadness = yes AND lack of
auto-esteem = no AND suicide thoughts = no, THEN intensity 3 (of symptoms)
= low”.

2.4 Diagnosis

Twenty four production rules, R12 to R55, of which R39 is transcribed as il-
lustration, correspond to diagnosis. v[1], v[2], v[3] and v[4] respectively denote
severe, moderate, low and non-existent depression.

R39 : w[2] ∧ (y[1] ∨ y[2]) ∧ (z[2] ∨ z[3] ∨ z[4]) → v[2]

R39 translates the statement “IF intensity 3 = medium AND (intensity 1 = high
OR medium) AND (intensity 2 = medium OR low OR non-existent), THEN
diagnosis = moderate depression”.
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3 The Inference Engine

The basic concepts and results on which the inference engine is based is sum-
marized next [2,4,6].

3.1 Basic Logical and Mathematical Concepts

A logical formula A0 is a “consequence” of the formulae A1, A2, ..., Am (that
represent the rules and facts of the knowledge base of our expert system) iff
whenever A1, A2, ..., Am are true, then A0 is true.

Rules and facts of the RBES are translated into polynomials by assigning a
polynomial to each basic logical formula, as follows:

¬x1 � 1 + x1

x1 ∨ x2 � x1x2 + x1 + x2

x1 ∧ x2 � x1x2

x1 → x2 � x1x2 + x1 + 1

Intuitively, polynomials with addition and multiplication form a “polynomial
ring”. Certain good-behaviour subsets of polynomial rings are called “ideals”.
The ideal generated by a finite set of polynomials is the set of sums of products
of elements of the ring by generators.

The main result is that A formula A0 is a consequence of the formulae
A1, A2, ..., Am, that represent production rules and potential facts of a RBES
(potential facts are in this paper the variables x[i] (i = 1, .., 10) and their nega-
tions), if and only if the polynomial translation of the negation of A0 belongs to
the ideal generated by both the set of polynomials that translate the negations of
A1, A2, ..., Am and the set formed by the polynomials x2

1−x1, x
2
2−x2, ..., x

2
n−xn.

This can be intuitively denoted as

NEG(A0) ∈ J + N + I

where J is the ideal generated by the polynomial translations of the negations
of the production rules. I is the ideal generated by x2

1 − x1, x
2
2 − x2, ..., x

2
n − xn

(the effect of introducing the ideal I is that the exponents of all variables of all
polynomials are reduced to 1).

Potential facts are taken subdivided into “maximal consistent subsets”. This
means that these subsets do contain each potential fact or its negation but
not both simultaneously. N represents the ideal generated by the polynomial
translation of (the negation of) the facts in a maximal consistent set of facts.

3.2 Implementation of the Expert System

As said above, the expert system is implemented in CoCoA (v. 3.0)1. The poly-
nomial ring A with coefficients in Z2 (that is, allowing coefficients 0 and 1) and
26 variables; and the ideal I are declared first.
1 CoCoA, a system for doing Computations in Commutative Algebra. Au-
thors: A. Capani, G. Niesi, L. Robbiano. Available via anonymous ftp from:
cocoa.dima.unige.it
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A::=Z/(2)[x[1..10],y[1..4],z[1..4],w[1..4],v[1..4]];
USE A;

I:=Ideal(x[1]^2-x[1],...,x[10]^2-x[10],y[1]^2-y[1],...,
y[4]^2-y[4],z[1]^2-z[1],...,z[4]^2-z[4],w[1]^2-w[1],...,
w[4]^2-w[4],v[1]^2-v[1],...,v[4]^2-v[4]);

The polynomial translation of the basic formulae (see §3.1) is:

NEG(M):=NF(1+M,I);
OR1(M,N):=NF(M+N+M*N,I);
AND1(M,N):=NF(M*N,I);
IMP(M,N):=NF(1+M+M*N,I);

Rules R1 to R55 are entered in prefix form. For instance:

R5:=NF(IMP(AND1(AND1(AND1(AND1(x[1],NEG(x[2])),NEG(x[3])),
x[4]),y[3])),I);

All potential facts are entered afterwards.

F1:=x[1]; ... F10N:=NEG(x[10]);

Ideal generated by the negations of all the rules:

J = Ideal(NEG(R1) ,..., NEG(R54));

In order to find diagnoses consider, as illustration, the following ideals gen-
erated by maximal consistent sets of facts.

K:=Ideal(NEG(F1N),NEG(F2N),NEG(F3N),NEG(F4N),NEG(F5N),NEG(F6N),
NEG(F7N),NEG(F8N),NEG(F9N),NEG(F10N));

L:=Ideal(NEG(F1N),NEG(F2),NEG(F3),NEG(F4N),NEG(F5),NEG(F6N),
NEG(F7),NEG(F8),NEG(F9),NEG(F10N));

N:=Ideal(NEG(F1),NEG(F2N),NEG(F3),NEG(F4),NEG(F5N),NEG(F6),
NEG(F7N),NEG(F8N),NEG(F9),NEG(F10N));

T:=Ideal(NEG(F1),NEG(F2),NEG(F3N),NEG(F4N),NEG(F5N),NEG(F6),
NEG(F7N),NEG(F8),NEG(F9N),NEG(F10));

The severity of the diagnosis (v[1], v[2], v[3] or v[4]) is determined using
normal forms (denoted “NF”), that is a certain kind of polynomial reduction [7].
The output is 0 for exactly one of them (previously, a verification should take
place; see [4] for details). For instance the answers of:

NF(NEG(v[1]),K+J+I);
NF(NEG(v[2]),K+J+I);
NF(NEG(v[3]),K+J+I);
NF(NEG(v[4]),K+J+I);
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are, respectively: v[1]+1, v[2]+1, v[3]+1, 0. This means that for the facts in
K, depression is non-existent.

Similarly, we obtain:

for ideal L: 0, v[2]+1, v[3]+1, v[4]+1
for ideal N: v[1]+1, v[2]+1, 0, v[4]+1
for ideal T: v[1]+1, 0, v[3]+1, v[4]+1

which means that, for the facts in L, N and T, depression is: severe, low and
moderate, respectively.

4 Complete Approach and User Interface

As said in the introduction, a user Internet interface based on the HARD diagram
has been developed. It calls a knowledge base far more complex than the one
that illustrates this paper (but built using the methodology proposed here). It
is freely available from the web page: sidide.iespana.es/ (in Spanish).

5 Conclusions

A new methodology for diagnosis has been proposed. It consists of the following
steps:

1) Assign propositional variables to factors, arrange the combinations of these
variables (and their negations) in tables and assign in each table an intensity
to each of these arrangements. This gives rise to the set of production rules
(forming the knowledge base).

2) Introduce the ring A and the ideal I and enter the production rules and the
potential facts into the CoCoA language.

3) Gröbner bases and normal forms are respectively used to check consistency
and find diagnoses.
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Abstract. In this work, we describe a system for microbiological
laboratory data validation and bacteria infections monitoring. In the
following sections we report about the first results we have obtained
with a prototype that adopts a knowledge-base approach for identifying
critical situations and correspondingly issuing alarms.  The knowledge
base has been obtained from international standard guidelines for
microbiological laboratory practice and from expert suggestions.

1 Introduction

The main goal of this work is to describe the design and the implementation of an
Expert System for Microbiological Data Validation and Surveillance. For bacterial
infections, stored data usually includes: information about the patient (sex, age,
hospital unit where the patient has been admitted), the kind of material (specimen) to
be analysed (e.g., blood, urine, saliva, pus, etc.) and its origin (the body part where the
specimen was collected), the date when the specimen was collected (often substituted
with the analysis request date) and, for every different bacterium identified, its species
and its antibiogram. For each isolated bacterium, the antibiogram represents its
resistance to a series of antibiotics [1] and it is usually represented by a vector of
couples (antibiotics, resistance), where four types of resistance to antibiotics are
possibly recorded: R when resistant, I when intermediate, S when susceptible, and
null when unknown. The set of antibiotics to be tested can be defined by the user.

About microbiological data validation, the quality of antibiogram results is a
critical point because clinicians use directly these results for therapy definition. Some
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instruments execute intelligent controls on performed antibiotic test results but these
controls are limited because they do not have information about specimen, patient
characteristics and infection history. A system, capable of using all available
information, may be a better support for laboratory personnel in the validation task.
This system should also control the application of standard antibiotic testing
guidelines: these guidelines, used by almost all microbiological laboratories, indicate
antibiotic test execution methods and result interpretations. Examples of problems
that this system should manage are: automatic correction of antibiotic results for
particular species that present in vitro susceptibility but in vivo resistance, controls on
the list of tested antibiotics, predictions of test results for a group of antibiotics using
some representative antibiotics (ex. Tetracycline is representative for all
tetracyclines), intelligent reporting.

The expert system presented in this work is able to provide automatic data
validation performing a series of controls. Regarding bacteria infection monitoring,
the system identifies critical situations for a single patient (e.g., unexpected antibiotic
resistance of a bacterium) or for a hospital unit (e.g., contagion events) and alarms the
microbiologist. The prototype adopts a knowledge-base approach to identify critical
situations and correspondingly generate alarms. The knowledge base has been
obtained from international standard guidelines for microbiological laboratory
practice and from expert suggestions. Rules have been validated by laboratory experts
and also by an automatic system that uses Data Mining techniques for automatic
knowledge extraction [2].

In following sections, we describe the first results we have obtained in a testing
trial on two-year real microbiological data.

2 Microbiological Surveillance Expert System

A Surveillance system may be realized using an Expert System programming
approach. This Artificial Intelligence programming technique has been applied to the
medical field since 1980. In an Expert System [3], also called Knowledge Based
System (KBS), knowledge about the problem is translated into special data structures
and rules. An inference engine applies these rules to the available data to perform
some specific tasks.

Specifications and Features

Given a newly isolated bacterium and the related antibiogram, the system performs
five main tasks: validates the culture results, reports the most suitable antibiotics list,
issues alarms regarding the newly isolated bacterium, issues alarms regarding patient
clinical situation and identifies potential epidemic events inside the hospital.

In the validation of culture results, the system finds antibiotics not tested but
necessary, identifies impossible antibiotic results for particular species and tests
common relations between antibiotic results.
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In the intelligent reporting of antibiotics results, the system associates to each
antibiotics a suitability, obtained considering some antibiotic characteristics: costs,
infection site, bacteria specie and hospital ward.

In single analysis alarms, the system provides information regarding the bacteria
(dangerous resistance, multiresistant bacteria, etc.).

In single patients alarms the system issues alarms considering the infection history of
the patient. For example:

• Polimicrobic population: if two or more bacteria species where found in two
different (consecutive) time points in the same sample material;

• Resistance Acquisition: if the newly identified bacteria has more antibiotic
resistances than the last previous one of the same specie.

The system will also provide information regarding the hospital ward (contagion)
and epidemic breakout alarm: the system architecture is ready but these controls are
not implemented yet.

Knowledge elicitation

For knowledge elicitation we selected NCCLS [4], the international standard
organization recognized by almost all laboratories as the reference in routinely work.
NCCLS writes an annual compendium [5] containing testing guidelines for
microbiological laboratories.  NCCLS guidelines are basically composed, for each
species, of: a table that specifies antibiotics to be tested, a table that specifies
antibiotic test interpretation and a list of exceptions regarding particular antibiotic test
results.

Fig.1 Databases and Data types Fig. 2 Control flow of the overall system
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System Architecture

A laboratory information system called Italab C/S (developed by Dianoema S.p.A. an
information technology company operating in the health care market) manages and
stores all the information concerning patients, analysis requests and analysis results in
an Oracle database and transfers in real-time microbiological data to a dedicated
database called Epidemiological Observatory. Description of databases and data types
are shown in figure 1. ESMIS will became part of the routinely laboratory result
production process as described in figure 2. ESMIS introduces in the process the
automatic validation step: in this step ESMIS presents the results of its controls to
laboratory personnel that will decide to agree or disagree with them and to make, if
necessary, changes on antibiotic test results.  ESMIS also produces the final report
and issues alarms regarding the patient clinical situation.

3 Implementation and First Prototype Description

We developed an ESMIS prototype using the Expert System Tool Kappa-PC 2.4 by
Intellicorp [6] which offered a good cost/features degree and a simple and powerful
programming language. Moreover, it works in interpreted and compiled mode and can
perform both forward and backward chaining reasoning.

Knowledge Base

Since NCCLS compendium guidelines can change each year, ESMIS rules are
designed as templates: rules are general and are dynamically instantiated referring to
NCCLS table entries, so they can be updated with the last guidelines version by
simply updating the table. Thus the problem of continuous knowledge update by
qualified people is avoided since it is sufficient to update NCCLS table entries which
are stored in an Oracle database. We have implemented also exception rules,
representing particular cases not considered in NCCLS tables. Of course these
exception rules need to be changed if the specific cases changes. Template rules work
on a NCCLS table that specifies antibiotics to be tested on a specific species
subdivided in: Main reporting antibiotic groups (basic, advanced, specific and for
urinary tract infections), Antibiotic subgroups (antibiotics with similar characteristics)
and Antibiotic equivalencies (antibiotics with the same bacteria test result). Examples
of template and exception rules used in ESMIS knowledge base are the following:

• There are two types of Rack test rules: template rule and exception rules.
-  Template rules verify if at last one antibiotic from each subgroup was tested.
-  Exception rules are used to represent exceptions in rack test specified in

NCCLS table notes. One example is:
IF InfectionSite = �Urinary Tract� AND Tested(Erythromycin)
THEN DisplayComment(�Erythromycin was tested but it isn�t relevant�)

• Single analysis alarms
- For implementing the Resistance Acquisition control we use the following rule:
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Considering the patient infection history
IF SpeciesOfLastBacteria = BacteriaSpecies(IdentifiedBacteria) AND

ResistanceNumOfLastBacteria > ResistanceNumOfNewBacteria
THEN IssueAlarm(�Therapy is failed! Bacteria has increased the number
of antibiotic resistances�)

Graphical User Interface

In every medical software application, the system GUI is very important and needs
particular attention. Laboratory personnel use ESMIS as a decision support system so
the information provided must be simple, direct and self-explaining in order not to
introduce a delay in the results production process. These objectives are obtained
tuning the knowledge base and organizing the main window in a suitable manner.

4 Results of First ESMIS Testing Trial

Actually we have realized a prototype of ESMIS that contains knowledge regarding
the Staphylococcus species and the Enterobacteriaceae species.  The KB is composed
of: 9 culture result validation template rules, 24 culture result validation exception
rules for the Staphylococcus species, 29 culture result validation exception rules for
the Enterobacteriaceae species, 8 single patient alarm rules and 6 single analysis
alarms rules.

This prototype has been tested off-line on two-year culture results collected from
the Clinical, Specialist and Experimental medicine department, Microbiology section
of the University of Bologna (Italy). During these two years, another microbiological
expert system was used for microbiological data validation. This system presents
some problems: the knowledge base is �closed� and no change can be made on it,
some controls were not implemented and must be manually executed by laboratory
personnel and finally there are no clear descriptions about generated alarms.

ESMIS analysis results were compared with the previously adopted expert system.
Even if data have been already validated, ESMIS was able to discover inconsistencies
over data. Figure 3 shows ESMIS evaluation process results regarding a
Staffilococcus Aureus bacterium:

Fig.3 Antibiogram results after ESMIS evaluation
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For each alarm there is an associated note explaining the name of the rule applied
and its description. Please notice that in Figure 3, an inconsistency arises between
NETILMYCIN (belonging to the AMINOGLYCOSIDE antibiotic group) and
OXACILLIN. The validation note about this inconsistency is N_VALI1:

VALIDATION NOTE: N_VALI1 --> 1: ( Vali_Stafi_23_5)
If OXACILLIN test result is Resistance (R) then test results for

AMINOGLYCOSIDE should be Resistance too. The expected test result is R.

Beside data validation, further objectives achieved by ESMIS are:

1. Flexibility: ESMIS knowledge base is mainly composed by rules obtained by
NCCLS international guidelines. These rules are not always recognized as correct
and sometimes personalization are needed to adapt the control to the local
environment. The expert has easily applied his personalization and has made
ESMIS better tailored to the local situation.

2. Clarity: Now, only the description of issued alarms (customizable by the
laboratory expert) is showed, allowing a simpler problem identification. For
every validation step, the evolution of reasoning is also shown.

3. Intelligent reporting:  the intelligent reporting features of ESMIS was
recognized by experts as one of the most important innovation. For each bacteria,
only the antibiotic results of less dangerous antibiotics (to which the bacterium is
susceptible) must be presented in the final report.  The expert may customize the
final report and guide therapy definition by creating appropriate reporting rules.
The reporting note for RIFAMPIN antibiotic, presented in Fig.3, is N_REP1:
REPORTING NOTE: N_REP1 --> 1: ( Ref_Stafi_29)
Antibiotics belonging to Group C and U should be presented in the
final report only if the infection location is Urinary tract.

4. Contagion alarms: ESMIS has found some possible contagion events by
analyzing the culture results of some patients. The laboratory expert has analyzed
these alarms and recognized that these events need further investigation.

5. Patient infection surveillance: for each patient, culture results are compared
with the previous ones on the same patient and alarms regarding possible
dangerous bacteria mutations and infection evolutions are issued.  Experts
recognize that these alarms may be useful  for supporting therapy control.

6. Performance: In real-time analysis simulation the first ESMIS prototype has
evaluated each antibiogram in 33 second and this performance is compatible with
the normal production process of analysis results.

5 Related Work

During the last few years, many surveillance systems have been developed in order to
monitor microbiological analysis results and to early identify infection and
epidemiological events. All these systems have peculiar features that make them not
suitable for efficient and correct analysis of Italian data. Significant examples of these
systems are WHONET 5 [7], GermWatcher [8] and TheraTrac 2 [9]. WHONET 5 is a
database software for the management of microbiology laboratory test results.
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GermWatcher is an expert system, which applies both local and international culture-
based criteria for detecting potential nosocomial infections. TheraTrac 2 is a system
for microbiological data validation and real-time alarming. It directly interacts with
Vitek [10] an expert system for test results validation, that is integrated in particular
analytical instruments. All systems use international standard guidelines in order to
defining controls to be executed on laboratory test results. WHONET is an off-line
tool useful for medium and long term data analysis but it is not suitable for real-time
monitoring and alarm generation. GermWatcher works on-line but in order to work
correctly needs a lot of data not available in Italy. TheraTrac 2 works on-line but is
designed for USA hospital organization (focused on pharmacists) that is different
from Italian hospital organization.

In the past, DEIS University of Bologna and Dianoema S.p.A. have designed and
implemented an expert system for the validation of biochemical analysis [11].

6 Conclusions and Future Work

In this paper we have described a system for microbiological laboratory data
validation and bacteria infections monitoring.  We also described the first results we
have obtained with a prototype that adopts a knowledge-base approach to identify
critical situations and to correspondingly issue alarms. Expert system technology
gives the following advantages to our system: knowledge base easy update (thanks to
template rules), quality of service, clarity and flexibility. In [2] we have also
experimented automatic knowledge validation and extraction of ESMIS rules by
using Data Mining techniques.

In the future we plan to further develop our system by identifying the final tool for
ESMIS implementation, by extending ESMIS knowledge base and by integrating the
system with datamining techniques and time series analysis.
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Abstract. We studied pre-processing of a female urinary incontinence
data set by removing uninformative variables, outliers, and noise, to al-
low hierarchical clustering methods to find partitions that resemble the
diagnostic classes. Outliers were identified with box plots and Mahala-
nobis distances, while noisy cases were detected with the repeated ed-
ited nearest neighbor rule. The cleaned data were analyzed with six
clustering methods. The best results, as measured with Fowlkes and
Mallows similarity measure, were achieved with complete linkage
(0.90) and Ward's method (0.84). These methods managed to separate
the two largest diagnostic classes, stress and mixed incontinence, from
each other. Unfortunately, single linkage, average linkage, centroid, and
median methods were not able to differentiate between these classes.
The results are in accord with our earlier results indicating that super-
vised methods suit better for classification of this data than cluster
analysis. However, outliers, noise, and clusters, which were identified,
may be of interest to expert physicians.

1 Introduction

We extend our previous work [1,2] concerning the cluster analysis of the female uri-
nary incontinence data. We have studied earlier [1] this data with the k-means clus-
tering method and recently a number of hierarchical clustering methods were applied
to the extended data set [2]. The results of the k-means cluster analysis showed that
the data contained clusters dominated by the five most frequent diagnostic classes.
In the later work, analyses with supervised multivariate statistical methods and ma-
chine learning techniques [2,3] have shown that the data can be assigned accurately
into the diagnostic classes on the basis of the diagnostic parameters. However, in [2]
the hierarchical cluster analysis [4-6] could not establish partitions which would corre-
spond to the five diagnostic classes. Only normal patients, i.e. the continent women,
could be identified, while the rest of the data were placed into a huge cluster, domi-
nated by the two largest diagnostic groups, and into small splinter groups.

Medical knowledge suggests that one reason for the poor performance of the clus-
tering methods is the overlapping class boundaries. For example, there is a diagnostic
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class, mixed female urinary incontinence, for patients who have both stress symptoms
and symptoms of urgency. Another difficulty is uninformative variables, outliers, and
noise which often cause problems both for statistical and machine learning methods.
As an unsupervised method, cluster analysis is especially sensitive for these problem-
atic aspects of data, which are common in the real-world data sets. Therefore, if possi-
ble, the data is often pre-processed before applying cluster analysis [4-6].

We studied here whether data pre-processing would allow us to find data partitions
that resemble more the diagnostic groups than partitions in our previous work. Espe-
cially, we were interested in how the two largest diagnostic groups, stress and mixed
incontinence, could be separated from each other after pre-processing. Variable set
was reduced by using the results in [2]. Since in [7] we found that there were suspi-
cious cases in our data set, the data were reduced by removing outliers. In addition,
noisy cases, which were identified with the repeated edited nearest neighbor
method [8], were excluded from the data.

2 Materials and Methods

The female urinary incontinence data (N=529), which were collected in the Depart-
ment of Obstetrics and Gynaecology of Kuopio University Hospital, Finland, consist
of the stress, mixed, sensory urge and motor urge incontinence cases and of the conti-
nent women (Table 1). The missing values due to the retrospective data collection
were filled in with the Expectation-Maximization method as in [2].

The original variable set had 16 variables and 11 of them were processed with the
logistic regression analysis and clustering methods in [2]. Variables that are unrelated
to the clusters are known to produce decrements in the ability of clustering methods to
recover clusters [4,6]. In [2] logistic regression analysis identified 8 of the 11 inde-
pendent variables as statistically significant (p<0.05) in relation to the diagnoses. For
this reason, we used these variables, instead of the 11 variables, in this study.

Outliers [9] are observations which appear to be inconsistent with the remainder of
the data. Human error often produces unintentional outliers. Outliers are also fre-
quently generated as the result of the natural variation of population or process one
cannot control [9]. There are two types of outliers. Univariate outliers are extreme
data values of distribution of an individual variable (or attribute). Multivariate outliers
are cases (or examples) which have unusual value combinations. Multivariate outliers
have sometimes univariate outlier values. However, multivariate outliers are not nec-
essarily outliers in univariate sense, because unusual combinations of normal values
may cause a case to be a multivariate outlier.

Quinlan defines noise as mislabeled examples (class noise) or errors in the values
of attributes (attribute noise)  [10 pp. 92]. Outlier is a broader concept than noise,
because it includes errors, as well as discordant data produced by the natural variation
of population. Examples with class noise are outliers produced by sampling error,
while attribute noise may or may not show in the data as outlying values.

Some clustering methods perform well in presence of outliers and noise, but often
these data pose a problem to clustering methods [4,6]. For example, of the hierarchical
methods, the single linkage method suffers from chaining. The method may fail to
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identify distinct clusters, if there are a few intermediate observations (noise) between
them. Another example is the well-known k-means method which is extremely sensi-
tive to outliers and noise, when random starting points are used.

Multivariate outliers and cases with the most univariate outlier values were identi-
fied within the diagnostic groups with an informal method that utilizes box plots and
Mahalanobis distances [7]. Repeated Edited Nearest Neighbor rule (RENN) [11 pp.
267] was used to drop noise from the data. Wilson's ENN algorithm [8,11] removes
cases whose class label differs from the class label of the majority of three nearest
neighbors. RENN repeats the ENN algorithm until no cases are removed from
data [11]. Heterogeneous value difference metric [12] was used as the distance meas-
ure.

Table 1 shows the frequencies of the original (T) and reduced data (S1, S2, and S3).
Also, frequencies of the outliers (O) and noisy cases (N) are shown. The first reduced
data set S1, was produced by removing 55 outlier cases (10.4%) from T. Total of 88
noisy cases (16.6%) were excluded from T to create the reduced data set S2. The union
of outliers and noisy cases (112, 21.2% of T) were dropped from T to produce the
third reduced set S3. In R 27.7% of the cases were both outliers and noisy.

Table 1. Frequencies of the diagnoses in the original (T) data set and reduced data sets S1, S2,
and S3 created by removing outliers (O), noise (N) and the union of outliers and noise
(R=OUN) from T, respectively

Diagnosis T S1 O S2 N S3 R
Stress 323 291 32 299 24 279 44
Mixed 140 123 17 112 28 109 31
Sensory urge 33 31 2 9 24 9 24
Motor urge 15 12 3 3 12 3 12
Normal 18 17 1 18 0 17 1
Sum 529 474 55 441 88 417 112

We applied hierarchical agglomerative clustering methods which start from the first
partition Pn, which contains n single-member clusters, and generate a series of parti-
tions Pn, Pn-1,�, P1 of the data by fusing clusters. The last partition P1 consists of all n
objects [4-6]. The analyses were performed with the statistical software package SPSS
for Windows 10. Comparative research has shown that the performance of a clustering
method depends on the data to be partitioned [4]. A number of clustering methods
should be used to avoid overly optimistic or pessimistic inferences based on the re-
sults of a single method [4-6]. Therefore, the female urinary incontinence data were
partitioned as in [2] using the single linkage, complete linkage, average linkage, cen-
troid, median, and Ward's clustering methods.

3 Results

Data sets were standardized before applying cluster analyses with the squared Euclid-
ean distance. The dendrograms (or trees) were cut at level of five to allow the com-
parison of the classes and partitions. Fowlkes and Mallows Bk measure [4,5,13] was
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used to assess the similarity between two partitions of data both having k clusters (Bk ?
[0,1]). B5 measures for the hierarchical clustering methods are shown in Table 2.

Table 2. Fowlkes and Mallows B5 similarity measure values between the diagnostic classes and
cluster partitions in the earlier work [2], the original (T) and reduced (S1, S2, and S3) data sets

Method [2] T S1 S2 S3

Single linkage 0.68 0.70 0.72 0.75 0.77
Complete linkage 0.59 0.79 0.56 0.84 0.90
Average linkage 0.70 0.70 0.74 0.75 0.78
Centroid 0.70 0.69 0.74 0.76 0.77
Median 0.68 0.70 0.74 0.70 0.80
Ward 0.70 0.66 0.78 0.77 0.84
Mean 0.68 0.71 0.71 0.76 0.81

Dropping of the three uninformative variables increased similarity measures slightly
for all methods, except for the centroid and Ward's methods, in comparison with our
earlier results with 11 variables [2]. In comparison with the original data T, outlier
removal increased similarity measures slightly for all methods, except complete link-
age, whose B5 value decreased unexpectedly from 0.79 to 0.56. On the other hand,
excluding noisy cases increased similarities for all the methods.

Clear increase in similarity values, in comparison with the results of T, were ob-
tained when both outliers and noisy cases were discarded. To validate this result, we
created 10 reduced data sets by removing randomly 20% of cases from the original
data. Then, the 10 data sets were clustered and B5 values were calculated. Mean of
these values was 0.69, range 0.46-0.76, and standard deviation 0.05.
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Fig. 1. Scatter plot of principal component analysis scores for a) original and b) reduced data.
x = Stress, + = mixed, � = sensory urge, and o = motor urge incontinence. ? = normal

In addition to cluster analysis, we performed a linear principal component analysis
with the standardized data, to provide two-dimensional views of the data sets. Fig. 1 a)
shows the scatter plot of the first two eigenvalues, which accounted approximately for
54% of the total variance, for the original data. Fig. 1 b) presents a scatter plot for the
reduced data set S3. The first two eigenvalues accounted for 59% of the total variance.
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4 Discussion

Data pre-processing of the female urinary incontinence data with variable, outlier, and
noise removal allowed the hierarchical clustering methods to produce partitions that
were more similar to the diagnostic groups than partitions found in our previous work
[2]. Exclusion of uninformative variables improved the results slightly in comparison
to the larger set of variables. Dropping of outliers and noisy cases gave slightly better
results than the results obtained with the reduced variable set. Clear improvement was
obtained with data set S3 from which uninformative variables, outliers, and noisy cases
were removed (Table 2).

However, the main problem, overlapping of the stress and mixed incontinence
classes, was not solved decisively. Only complete linkage and Ward's method were
able to clearly separate these groups from each other in the data set S3. Other methods
performed almost the same way as the single linkage method which assigned practi-
cally all of the stress and mixed incontinence cases into the same cluster.

Fig. 1 a) illustrates why the hierarchical clustering methods had difficulties in
finding the diagnostic classes. The scatter plot shows that in the original data there is a
large group, which contains the incontinent women, and a group for the normal pa-
tients. The larger group has two centers made of the stress and mixed urinary inconti-
nence cases which overlap extensively. The scatter plot in Fig. 1 b) presents the data
set S3. As expected, the diagnostic groups are more distinct after cleaning of the data.
Outlier removal has cleaned the data by dropping unusual cases within groups, while
the RENN rule has removed noise. Although the decision borders were widened, there
are still stress and mixed incontinence cases that occupy the same area. The normal
cases have moved farther away from the other groups.

A large number of cases (21.2% of the original data) were removed to produce re-
duced set S3, and, unfortunately, most of the sensory and motor urge cases were lost
during the cleaning process. For this reason, we produced an additional reduced data
set S4 so that outliers were removed from all the classes, while noise was removed
only from the two largest groups. The results were mostly only slightly lower than
results obtained in the reduced set S3 (mean of B5 values was 0.78 and range 0.72-
0.92). However, a large portion of the sensory and motor urge cases was often placed
in the same cluster with the stress and mixed incontinence cases.

In [1] we applied k-means cluster analysis with initial values, while in [2] and the
current study, hierarchical methods were used, because these methods are more objec-
tive than optimizing methods. In contrast to hierarchical clustering, optimizing meth-
ods try to produce a partition with a certain number of clusters, which is as good as
possible, with respect to some numerical criterion. For comparison with the hierarchi-
cal cluster analyses, data sets S3 and S4 were analyzed with the k-means method using
the means of diagnostic groups as the initial values. B5 similarity values were 0.94 and
0.90, respectively. As expected, these values were higher than those of the hierarchical
cluster methods, whose mean B5 values with these data sets were 0.81 and 0.78, re-
spectively.

It must be noted, that although the cluster analysis methods process data in an un-
supervised manner, we had the class labels available for the data pre-processing meth-
ods. This is naturally a limitation. When class information is unavailable, other meth-
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ods, such as graphical presentations of the data derived from the raw data may be
useful aids for pre-processing of data [4-6]. Derived data may also be the actual input
to the clustering. We applied in this work the linear principal component analysis only
to visualize data.

The aim of cluster analysis in our earlier work [1,2] was to explore how the data
could be classified using the diagnostic parameters alone. The results of the present
study are better than previous results in [2]. However, the results are in accord with
other earlier results in [2,3] where supervised statistical and machine learning methods
outperformed both the hierarchical methods and k-means cluster analysis. For these
reasons, we will use also in future supervised methods to build classifiers for com-
puter-aided diagnosis of female urinary incontinence [3]. However, outliers and noise
that were identified, as well as the clusters obtained from the cleaned data, may be of
interest to the expert physicians. Future research should focus more on exploring the
data. For example, identifying the optimal number of clusters or clustering within the
diagnostic groups might give additional insight into the data.
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Abstract. Although neural networks have many appealing properties,
yet there is neither a systematic way how to set up the topology of a
neural network nor how to determine its various learning parameters.
Thus an expert is needed for fine tuning. If neural network applications
should not be realisable only for publications but in real life, fine tuning
must become unnecessary. We developed a tool called ACMD (Ap-
proximation and Classification of Medical Data) that is demonstrated to
fulfil this demand. Moreover referring to six medical classification and
approximation problems of the PROBEN1 benchmark collection this
approach will be shown even to outperform fine tuned networks.

1 Introduction

For applications in medicine multilayer perceptrons (MLP) trained by the backpropa-
gation algorithm [1] are most popular. Despite the general success of back-
propagation in learning neural networks several deficiencies are still needed to be
solved. Learning can be trapped into local minima, the training process does converge
slowly, and there are difficulties in explaining the network�s response. Since 1986
when Rumelhart et al. had �re-invented� backpropagation, various coping strategies
have been published [2]. Some of these strategies will be presented in this paper, ex-
isting ones as well as newly developed approaches. But the most apparent disadvan-
tage is that the convergence behaviour depends very much on the choice of the net-
work topology and diverse parameters in the algorithm such as the learning rate and
the momentum. Therefore the presence of an expert seems to be absolutely necessary
when training backpropagation networks. The need for fine tuning may be the greatest
obstacle for a wide-spread use of neural network techniques in medicine.

Attempts in designing at least the network structure automatically have been un-
dertaken by various constructive algorithms [3] that can be roughly divided into dy-
namic node creation [4] and cascade correlation [5]. These algorithms build up the
network dynamically. Assuming the future availability of hard-coded neural networks
the automatic training of a fixed network architecture remains highly desirable.

Therefore we will present an approach called ACMD (Approximation and Classifi-
cation of Medical Data) that mainly relies on an expanded version of a multi-neural-
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network architecture by Anand et al. [6] in connection with adaptive propagation [7],
an improvement of the backpropagation algorithm. This network can be trained with-
out any fine tuning. Its performance will be demonstrated by solving five medical
multiclass classification problems and one medical approximation problem. These
problems are part of the established PROBEN1 benchmark collection from Pre-
chelt [8]. Moreover we will prove the usefulness of an ensemble of multi-neural-
networks.

2 Methods

For purposes of more clarity, strategies for improving the generalisation performance
will be separately listed from those accelerating the convergence speed. Naturally
overlapping can not be avoided. Due to the lack of space we will restrict to the most
important strategies.

2.1 Strategies for Improving the Generalisation Performance

For the classification tasks we used a modular network architecture similar to that
published by Anand et al. [6], reducing a k-class problem to a set of k two-class prob-
lems and training a neural network module for each two-class problem. Differently
from Anand et al. the a-priori probabilities of each class were taken into account by
feeding a further MLP with the outputs of the modules.

In order to avoid so-called overfitting we used early stopping terminating the
learning phase after a predefined number of epochs (1000). Afterwards the test set
performance was computed for that state of the network which had the minimum vali-
dation set error during the training process.

Most often in medicine there is only a small amount of data available. In order not
to waste valuable data we suggest to make use of a network ensemble consisting of
five multi-neural-networks as described above. So all training data have to be divided
into five equally sized sets A to E. The first multi-neural-network will be trained by
set A, B, C, and D. Set E will serve as a validation set. Training the second multi-
neural-network, the training set consists of set A, B, C, and E, set D will be the vali-
dation set and so on. To get one common result for each class, the output activities of
the five multi-neural-networks can be averaged. It is appropriate to neglect the mini-
mum and maximum output value (in case that one of the multi-neural-networks fails).
The mean value will be calculated only averaging the three remaining output activi-
ties.

As a quick alternative to slow standard backpropagation and its known derivates we
developed an algorithm called adaptive propagation (APROP), useful not only to
accelerate the convergence speed but also for improving the generalisation perform-
ance. APROP prefers adapting those weights that lead to successful neurons. The
success of a neuron is defined by the amount and the distribution of its δ-errors. For a
detailed description and benchmarking please refer to [7].

In medicine there are frequently different prior class probabilities. In order to take
also small classes into account sufficiently, we suggest a modified error function
(squared δ-errors of the output neurons with keeping their sign):
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( ) ( ) ( )2ototsignfunctionactivationflayeroutput −⋅−⋅′=δ (1)

δoutput layer designates the error δ of an output neuron, t denotes the target output, and
o the real output. The effectiveness of this modification was examined in [9].

In accordance with the generalised back-propagation algorithm by Ng et al. [10]
we propose to square the derivation of the activation function so as to improve the
convergence by preventing the error signal to be dropped to a very small value.

2.2 Strategies for Accelerating the Convergence Speed

It is well known that a fast convergence speed can be achieved by oversizing the net-
work structure. However most researchers follow the spirit of Occam�s razor and
choose the smallest admissible size that will provide a solution, because in their opin-
ion the simplest architecture is the best for generalisation. Notwithstanding several
neural net empiricists have published papers showing that surprisingly good generali-
sation can in fact be achieved with oversized multilayer networks. From our experi-
ence oversizing the network architecture leads to a dramatic increase of convergence
speed as well as to an improved generalisation performance (assuming early stopping).
In the following a network will be chosen that comprises only one hidden layer (fa-
cilitating rule extraction later on) but 100 hidden neurons.

On the side, oversized networks guarantee a sufficient approximation capacity
when learning different classification tasks of varying complexity using always the
same number of hidden neurons (as we do, see Chapter 3).

The APROP algorithm is ideally suited for oversized networks. When compared to
algorithms like RPROP, Vario-Eta, or Quasi-Newton techniques [7] APROP could
save up to three-quarters of learning time needed by the other algorithms.

In order to save learning time, we suggest to stop training after a predefined num-
ber of oscillating epochs in the generalisation curve - e.g. ten epochs - or after a
maximum number of epochs leading to no further decrease of the validation set error,
say 100 epochs at a total amount of 1000 learning epochs.

3 Implementation and Benchmarks

ACMD was implemented as a prototype using the programming language MS Visual
C++ 6.0 SP 4 and a Pentium III-1000 DP. Because C++ is not very comfortable in
programming the graphical user interface, MS Visual Basic was used for creating the
GUI, calling C++ DLLs that contain the actual neural network code. The compiler
settings were optimised for speed, the multithreaded code was optimised by an exten-
sive use of pointers, small dimensioned arrays, avoidance of if-statements or consecu-
tive instructions that hamper pipelining. Also an approximation of the exponential
function proposed by Schraudolph [11] has been proved to speed up calculation.

ACMD was realised as already suggested in Chapter 2. All experience was gained
by evaluating signals from an electronic nose [9]. None of our suggestions was influ-
enced by the benchmarks presented here. Otherwise our results might have been dis-
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torted. As the only pre-processing data were z-transformed. Carefully all weights were
initialised randomly within an interval of [-0.01, +0.01]. As activation function for the
hidden neurons a hyperbolic tangent was employed. Its advantage over the standard
logistic sigmoid function is the symmetry of its outputs with respect to null. The stan-
dard logistic sigmoid function was used for the output neurons. There were no short-
cut connections in order not to disturb the building up of an internal hierarchy.
Learning was performed as batch learning. After the second epoch, a momentum term
was utilised with a momentum factor µ set at 0.9. The global learning rate was set at
0.1. As pre-tests demonstrated there was no need to start several runs from different
weight initialisation. Thus only two runs where done per benchmark: the first one used
all data excluding the test data and employed a network ensemble. The second one
used exactly the same learning set, validation set, and test set as demanded for the
benchmark.

The performance was tested by solving five multiclass classification problems and
one medical approximation problem of the standardised PROBEN1 benchmark col-
lection from Prechelt [8]. These six of thirteen benchmarks are those that refer to real
medical classification tasks:

cancer: Diagnosis of breast cancer.
diabetes: Diagnosis of diabetes of Pima Indians.
gene: Detection of intron / exon boundaries (slice junctions) in nucleotide se-

quences.
heartc: Prediction of heart disease.
thyroid: Diagnosis of thyroid hyper- or hypofunction.
heartac: Differently from heartc the benchmark heartac uses a single continuous

output that represents the number of vessels that are reduced.

Table 1 gives an overview of the number of inputs, outputs, and examples avail-
able. The data sets contain binary inputs as well as continuous ones. For each dataset
the total amount of examples was divided into three partitions: a learning set (50%), a
validation set (25%), and a test set (25%). For each benchmark PROBEN1 contains
three different permutations, which differ only in the ordering of examples, e.g. can-
cer1, cancer2, and cancer3.

Table 1. Properties of the benchmarks used

Benchmark cancer diabetes gene heartc thyroid
Inputs 9 8 120 35 21
Outputs 2 2 3 2 3
Examples 699 768 3175 303 7200

As fine tuning for each problem, Prechelt used 12 different MLP topologies (com-
prising 2, 4, 8, 16, 24, 32, 2+2, 4+2, 4+4, 8+4, 8+8, and 16+8 hidden nodes), experi-
mented with linear output nodes and those using the sigmoid activation function, and
he proved shortcut connections to be effective or not. For each benchmark Prechelt
chose the architecture achieving the smallest validation set error. For a detailed de-
scription of architecture and learning parameters please refer to [8]. As classification
method winner-takes-all was used, i.e. the output with the highest activation desig-
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nates the class. For the approximation tasks Prechelt defined a squared error percent-
age that is similar to the MSE.

4 Results

Using the proposed network ensemble the percentages of misclassifications and the
squared error percentages were significantly smaller than those of the manually de-
signed MLP by Prechelt (Wilcoxon signed ranks test over all 18 results, p=0.026).
Without ensemble and thus using the same learning set, validation set, and test set as
Prechelt did, our results were also significantly better than the results by Prechelt�s
fine tuned MLP (same significance value p=0.026), see Table 2.

Table 2. Comparison of the percentages of misclassification or the squared error percentages

Benchmark Tuned by Prechelt With ensemble Without ensemble
cancer1 1.38 2.30 2.87
cancer2 4.77 4.02 4.02
cancer3 3.70 4.02 4.02
diabetes1 24.10 23.44 23.44
diabetes2 26.42 22.92 24.48
diabetes3 22.59 21.53 22.40
gene1 16.67 11.48 11.48
gene2 18.41 8.45 8.95
gene3 21.82 10.34 11.22
heartc1 20.82 17.33 17.33
heartc2 5.13 6.67 4.00
heartc3 15.40 12.00 14.67
thyroid1 2.38 1.83 6.00
thyroid2 1.86 1.67 1.67
thyroid3 2.09 2.39 2.28
heartac1 2.47 2.29 2.26
heartac2 4.41 3.04 3.06
heartac3 5.37 3.78 4.05

5 Conclusions

The aim was to develop an universal approach that makes fine tuning unnecessary.
Contrary to expectation this approach could be shown not only to achieve the same
generalisation performance as Prechelt did when manually designing his MLP, but
even to outperform his results in a statistically significant way. Due to the small num-
ber of output neurons needed for the benchmarks used above, the multi-neural-
network approach might be even more promising for classification tasks comprising
more classes. In our opinion oversizing the networks combined with early stopping is
the key for these encouraging results. Also Prechelt himself speculates that more than
32 hidden neurons (the maximum number he used) may produce superior results [8].
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In future we will have to evaluate our results using further benchmarks and to ana-
lyse the effectiveness of each strategy in detail. Moreover we will add missing values
strategies, feature selection, and some kind of knowledge extraction. When imple-
mented all this in an intuitively applicable fashion, ACMD will be made accessible via
the internet and hopefully the basis will be done for a wide-spread use of neural net-
work technique in numerous medical fields.
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Abstract. This work presents an application intended to work as a sec-
ond reader in Radiology Services for digital mammograms, which makes
use of several Computer Vision algorithms. Although the presented pro-
totype basically focuses on the detection and the characterization of mi-
crocalcifications, the system has the capability to grow up by adding new
abnormalities (e.g. masses) or new classification patterns. Experimental
results of the system’s performance have been obtained through digital
mammograms of the Regional Health Area of Girona.

1 Introduction

Breast cancer is one of the most extended among women in the western soci-
ety. Although its behaviour depends on every country, the statistics shows that
there are more than 700.000 new cases over the world per year, which about 20%
turns into malign tumours. Breast cancer screening has been proved as a good
practical tool for detecting and removing breast cancer prematurely, and it also
increases the survival percentage in women aged 50 and older. This screening
test program produces a lot of mammograms to be diagnosed by radiologist,
increasing from 38% in 1987 to 60% in 1990 the percentage of women over 40
years old who had ever received at least one mammogram [1]. However, some
controversy arises, especially with respect to the accuracy of screening mammog-
raphy and the related costs of errors. Mammography accuracy is limited, both
in sensitivity (some cancers are missed) and specificity (many non-cancer cases
are referred for invasive procedures).

The problems of missed cancers (false negatives) and the high number of un-
necessary follows-ups (false positives) both of them have been approached using
computer aided diagnosis (CAD). CAD generally follows steps similar to the ra-
diologist’s procedure to read a mammogram: detection (where abnormalities can
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be found), segmentation (identification of the boundaries of objects at those lo-
cations), feature extraction (measurement of the characteristics of the potential
abnormalities), and finally, classification (differentiate benign from malignant
cases) [1].

The results from a previous research work performed in the Regional Health
Area of Girona [2] were used as the starting point in the development of the
current prototype Higiεα. In such a work, a total number of 216 mammograms
were analyzed in order to build a statistical model to predict the cancer risk,
taking into account only the shape of doubtful microcalcifications.

2 Image Analysis

There are different kinds of lesions in a mammogram that can be used as an
early warning of the presence of a breast cancer. In the current version of the
application, only information related to the shape of the microcalcifications is
used. The procedure for issuing a diagnosis, follows these four steps: detection
of seed pixels, segmentation, feature extraction, and classification. Attending
the experimental nature of this prototype, every step includes more than one
possibility for achieving the final results; therefore, different algorithms have
been set out for detecting the seed pixels, segmenting the microcalcificacions,
or extracting features. Its daily use in a mammographic unit will report further
results about their behaviour.

The detection of seed pixels in the microcalcification can be manual or auto-
matic, and often is integrated in the segmentation step. Higiεα allows the user
to manually detect the seed pixels, or use an automatic criterion based on the
average grey level of the region [3] to select them.

As for the segmentation concerns, three different algorithms have been in-
cluded: a region-growing one [3], based on mathematical morphology [4], or based
on the wavelet transform [5].

The region-growing algorithm starts from the seed pixels, selected in the
previous step. A region growing process is started on every seed pixel p(i, j) by
adding its 4-connected neighbours, provided that they belong to the region if
the following condition is accomplished:

(1 + τ)(Fmax + Fmin)/2 ≥ p(i, j) ≥ (1 − τ)(Fmax + Fmin)/2 (1)

where Fmax and Fmin are the current maximum and minimum pixel values of
the region being grown, and τ is the growth tolerance (where its value is between
0 and 1).

The segmentation stage uses different techniques: mathematical morphology
to extract the pixels, and Markov Random Fields to label the pixels.

We used the Top-Hat morphology operator, defined as the subtraction of the
opening operator γB(f) to the identity operator f :

TH(f) = f − γB(f) (2)
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Table 1. Feature set used to characterize the microcalcifications

Feature Variable Description

Area The number of pixels in the microcalcification.
Number of Holes The number of holes in the microcalcification.
Feret Elongation A measure of the shape of the microcalcification:

F eretMaxDiameter
F eretMinDiameter

Roughness A measure of the roughness: Perimeter
ConvexPerimeter

Elongation Similar to the Feret Elongation: Lenght
Breath

Compactness A measure of the roundness, it’s equal to: Perimeter2

4πArea

Principal Axis The angle between the horitzontal and the principal
symmetry axis of the microcalcification:

−0.5 ∗ arctan 2∗Moment1,1
Moment2,0−Moment0,2

The opening operator eliminates the elements of the image with more lumi-
nance that are smaller than the structural element; therefore, when it is sub-
stracted from the identity image, the elements that have been eliminated are
extracted. To be able to extract the microcalcifications, the structural element
must be bigger than the biggest microcalcification. Mossi and Albiol [4] propose
to select a square or a circle with the appropriate size as a structural element.

Once the segmented image has been obtained, we can extract a set of features
from every microcalcification individually as well as from the whole cluster,
which will be used in the classification step. Although there are several works
that propose a wide range of features, Higiεα uses a set of shape-based features
for the microcalcifications:

The classification step will label the mammography as benign or malignant
using the features (X1, . . . , Xk) extracted in the previous step. A statistical
model based on the logistic regression model normit/probit obtained from the
microcalcification features is used to assign the probability pi, according to the
equation:

φ−1 = β0 + β1X1i + ... + βkXki (i = 1, . . . , n) (3)

where φ represents the distribution function of a normal standard rule.
The figure 1 shows that φ−1 returns the point into the abscissas axis, but

the value that indicates the punctual probability is p hat, i.e. the area below
φ−1 in the normal rule function. Therefore, to find the correct value we need to
integrate the next function:

p hat =
∫ φ−1

−∞

1√
2π

e
−x2

2 dx (4)
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Fig. 1. N(0,1) Distribution function

3 First Version of Higiεα

The figure 2 depicts an example of an interface screen of Higiεα. Notice that
a region in the mammogram has been selected in order to perform the whole
analysis process on it. From this region of interest, a new image is generated
that contains the results of the segmentation.

During the analysis process, the user has always the possibility to choose
which algorithm is being used at each step, such as figure 3(a) shows. The process
ends when a classification algorithm is selected, as is shown in figure 3(b), which
enables to issue a risk factor associated to the analyzed region. At the moment,
Higiεα uses a predictive statistical model based on the shape features of the
microcalcifications.

Fig. 2. Interface screen of Higiεα
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(a) (b)

Fig. 3. Dialogs of Higiεα

As a final performance evaluation, the classification scheme provided by the
model was compared with the diagnosis issued by three expert radiologists, which
indicated the malignant character of the mammogram based on the microcalci-
fications appearance. Tables 2a and 2b tabulate the results obtained from the
prospective data for both diagnoses, considering a confidence interval of 99%.

Over the 49 benignant mammograms diagnosed by the radiologists, 2 cases
(4.08%) were diagnosed incorrectly, 25 cases (51.02%) correctly, and for 22 cases
(44.90%) no clear diagnosis could be established. The proposed model misclas-
sifies 3 cases (6.12%), classifies correctly 19 cases (38.78%) and does not decide
in 27 cases (55.10%). The same conservative behavior is observed over the 21
malignant mammograms that complete the prospective set: while the diagnosis
provided by the radiologists is incorrect in 3 cases (14.29%), correct in 12 cases
(61.90%), and does not decide in 5 cases (20.81%), the proposed model classifies
incorrectly 2 cases (9.52%), correctly 9 cases (42.86%) and does not decide in 10
cases (47.62%).

4 Conclusions and Further Work

A first prototype of a mammographic analysis system has been presented. The
system allows several possibilities to the user at each analysis step: image segmen-
tation using region-growing, mathematical morphology or wavelet algorithms;
use of shape-based features of the segmented microcalcifications; and finally,
classification using a predictive statistical model. The final application has been
built up in such a modular way that easily permits to add new modules at any
step: inclusion of new features for the microcalcifications, not only related to
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Table 2. Comparative results between the diagnosis predicted by Higiεα first
prototype and the diagnosis issued by 3 expert radiologists, for benignant (a)
and malignant (b) mammograms (cell contents: counts, % of row, % of column)

Predicted by Higiεα
bb bm mm All

11 13 1 25
bb 44.00 52.00 4.00 100.00

57.89 48.15 33.33 51.02
Diagnosis

7 13 2 22
from bm 31.82 59.09 9.09 100.00

36.84 48.15 66.67 44.90
radiologists

1 1 0 2
mm 50.00 50.00 - 100.00

5.26 3.70 - 4.08

19 27 3 49
All 38.78 55.10 6.12 100.00

100.00 100.00 100.00 100.00

(a) Benignant Mammograms

Predicted by Higiεα
bb bm mm All

0 3 0 3
bb - 100.00 - 100.00

- 30.00 - 14.29
Diagnosis

1 2 2 5
from bm 20.00 40.00 40.00 100.00

50.00 20.00 22.22 23.81
radiologists

1 5 7 13
mm 7.69 38.46 53.85 100.00

50.00 50.00 77.78 61.90

2 10 9 21
All 9.52 47.62 42.86 100.00

100.00 100.00 100.00 100.00

(b) Malignant Mammograms

their individual shape, but also related to the cluster’s shape; inclusion of new
abnormalities, such as masses and spicules; test of new classification algorithms,
such as Case Based Reasoning (CBR). Early results using this technique show a
promising direction [6], and a second version of the prototype will include this
technique as a new feature.
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Abstract. A previously developed computerized scheme to detect
masses has been further revised and several improvements were in-
tended. Mammograms were digitized at a higher resolution with a
mammographic laser scanner providing 12 bits. Some steps of the
scheme, based on bilateral subtraction technique, were modified. Sev-
eral new features were designed and a BPN neural network was used to
reduce the number of false positives. Results obtained with the training
set were encouraging, yielding a sensitivity of 85% and 1.54 mean
number of false positives per image before applying false positive re-
duction. After applying false positive reduction, a sensitivity of 78.3%
at a mean number of 0.4 false positives per image was obtained. The
area under the AFROC curve was A1 = 0.808.

1 Introduction

The detection of masses in mammograms is a difficult task due to the similarity be-
tween many of these radiopacities and breast tissue, and also to the low contrast of
many cancerous lesions [1, 2]. Although mammographic screening programs have
proven to be an effective method for early detection of breast cancer [3], some cancers
are still being missed or misinterpreted [4]. As a help, computer-aided diagnosis
(CAD) schemes have been suggested in order to improve the sensitivity and specific-
ity of the radiologists [5, 6, 7].

Therefore, a lot of effort has been devoted to the development of CAD schemes for
detection of breast masses and clusters of microcalcifications in digitized mammo-
grams. At present, the R2 ImageChecker Mammographic CAD System (R2 Technol-
ogy Inc., Los Altos, CA) is a well known scheme used in many hospitals around the
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world. There are also other schemes, as Second Look (CADx Medical Systems Inc.,
Quebec, Canada) or MAMMEX TR (SCANIS Inc., Foster City, CA), reflecting the
emerging interest and needs for advance in early breast cancer diagnosis.

We have previously developed a method to detect masses[6], which uses bilateral
subtraction technique of corresponding left-right matched image pairs. It is based on
the symmetry between both images, with asymmetries indicating possible masses [8,
9]. This method has been evaluated and improved in successive studies. The main
modifications refer to breast border detection and false positive reduction. Further-
more, mammograms were digitized with 12 bits precision, using a high-resolution
laser scanner. Results form the training set are shown. The system was evaluated using
free-response receiver operating characteristic (FROC) analysis [10].

2 Materials and Methods

2.1 Acquisition of Digital Mammograms and Database Characterization

Sixty pairs of conventional mammograms in lateral and craniocaudal views were dig-
itized at a resolution of 2000x2500 pixels, and 12 bits precision employing a Lumis-
can 85 laser scanner (Lumisys Inc., Sunnyvale, CA). Each pair of mammograms con-
tained a single biopsy proven malignant mass in either the left or right mammogram.
Images were directly stored via SCSI interface on a magnetic disk array Sun
StorEDGE A5100, and a Sun Ultra 80 Workstation (Sun Microsystems, Inc., Moun-
tain View, CA), was used for all the calculations. The computer programs were writ-
ten in C language.

All lesions were ranked by two experienced radiologists by consensus in a four-
level decision scale, level 1, corresponding to obvious masses (8), level 2, for rela-
tively obvious masses (30), level 3, corresponding to subtle masses (7), and level 4,
for very subtle masses (15).

Contrast value and effective size for each mass were manually measured, based on
the masses outlined by the radiologists. A mean effective size of 19.33±10.56 mm was
obtained and the mean contrast was 0.28±0.11.

2.2 Detection Scheme

The general scheme for detection of masses consists on five steps:

a) Detection of the breast border and nipple. To segment the breast region from the
original image, a tracking algorithm to detect the breast border was applied [11]. The
nipple was also detected in order to align both left and right breast images. The origi-
nal algorithm to detect the border was modified. Several aspects are pointed out:

- thresholds values used to eliminate artifacts were calculated for each mammo-
gram from the histogram of gray-levels,

- the condition that a point (x, y) belonging to the border must satisfy was made
stricter,
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f(x1, y1) < f(x2, y2) < ... < f(x7, y7) ≤ f(x8, y8) ≤ f(x9, y9) ≤ f(x, y) . (1)

became,

f(x1, y1) < f(x2, y2) < ... < f(x7, y7) < f(x8, y8) < f(x9, y9) < f(x, y) . (2)

with this modified condition the algorithm did not get confused with artifacts,
- when the tracking algorithm did not detect the border yielding spurious values,

this values were not taken into account and neglected, these values were a source
of error when sorting the coordinates of the border .

b) Alignment of mammograms. Mammograms were aligned before subtraction, em-
ploying the breast border and nipple as reference points.

c) Normalization of mammograms. Images were corrected to avoid differences in
brightness between left and right mammograms due to the recording procedure.

d) Subtraction of mammograms. Images were subtracted and, as a result, two new
images were generated, one composed of the positive values, and the other of the
negative values. A threshold to obtain a binary image with the information of suspect
areas was automatically calculated. These areas were extracted by an adaptive region
growing algorithm.

e) Reduction of false positives. Size and eccentricity tests were used. Furthermore, a
backpropagation neural network classifier was developed. This classifier used as in-
puts features extracted from the suspect regions. Two types of features were extracted:
on the one hand, features based on the gray level value of the image pixels and on the
other hand features based on contrast measures.

3 Results

The 60 pairs of mammograms of our study were analyzed to detect possible masses
employing the automated detection scheme described above. Figure 1 shows an exam-
ple of the results of the detection procedure of a mammogram containing one mass in
the right breast.

  a)   b)

Fig. 1.  a) An original mammogram containing a mass (indicated by the black arrow), and b)
Results of the detection process (indicated by white arrows): the detected mass, and the pres-
ence of a false positive
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The system achieved a sensitivity of  85% with a mean number of 1.54 false posi-
tives per image before applying false positive reduction. After applying false positive
reduction, a sensitivity of 78.3% at a mean number of 0.4 false positives per image
was obtained. The area under the AFROC curve was A1 = 0.808.

4 Discussion

Because of the fact that the radiographic appearance of the right and left breasts of a
given patient tends to be similar, radiologists hung films on the view box in a mirror
image configuration and they scan the breasts searching for asymmetry. This is the
reason to design CAD schemes based on bilateral subtraction. The bilateral-image
subtraction method may help to reduce the number of false positives and may yield
better performance after classification [12]. However, it may lack for high-sensitivity,
it implies more intermediate steps (detection of the nipple, alignment), and it is limited
in real clinical applications (e.g. mastectomy) [12]. Therefore we are also investigat-
ing other methods based on single-image segmentation, bearing in mind that bilateral
subtraction may be useful in early cancer detection by using time comparison on the
same breast.

In a previous study [6], we have  developed the method to detect masses in digital
mammograms. We have obtained a sensitivity of 71% at a false positive of 0.67 per
image. In this work, our sensitivity has increased up to 78.3%, and the mean number
of false detections have decreased to 0.4 per image. Our results suggest that the
method could help radiologists in their daily work. Comparing with other studies, as
the clinical results of the R2 ImageChecker that achieved a 75% sensitivity [13], it
seems that the scheme obtained an acceptable sensitivity, however the scheme must be
evaluated in a large database or in a clinical situation.

Although it would be desirable to improve the true-positive rate, the low average
number of false positives per image indicates that our method would not confuse the
radiologists by suggesting normal regions as masses.
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Abstract. Prediction of gene function from expression profiles is an in-
triguing problem that has been attempted with both unsupervised clus-
tering and supervised learning methods. By the incorporation of prior
knowledge concerning gene function, supervised methods avoid some of
the problems with clustering. However, even supervised methods ignore
the fact that the functional classes associated with genes are typically
organized in an ontology. Hence, we introduce a new supervised method
for learning in such an ontology. It is tested on both an artificial data
set and a data set containing measurements from human fibroblast cells.
We also give an approach for measuring the classification performance
in an ontology.

1 Introduction

DNA microarray technology makes large gene expression studies possible, but
it generates vast amounts of data about complex biological phenomena. One of
the goals for the analysis of this data is to classify unknown genes with respect
to their biological function. The problem is rather intricate since a gene may
have more than one function, functionally related genes may be anti-correlated
in their expression profiles, and similarly expressed genes need not share the
same function. This has been pointed out, for example, by Shatkay et al. [9].
We believe that this problem should be approached with supervised learning
methods. Supervised learning offers a possibility to include prior (e.g. biological)
knowledge in the learning process. Expression profiles of known genes can be
associated with the corresponding gene function and used to induce a classifier.

However, there has been little work on supervised learning of gene expression
data. Brown et al. [2] is one notable exception though. They used support vector
machines to predict functional classes for the gene expression data analyzed in
Eisen et al. [5]. Still, there are some problems left open by them. For instance,
no attempt was made to induce a complete classifier. Instead, they predicted
only five functional classes that were already known to cluster well. These classes
covered only a minor part of the data set, and many genes that belonged to other
classes, were not classified. Moreover, they did not take into account the fact
that the classes associated with known genes form an ontology. More recently,
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Hvidsten et al. [6] used standard Rough Sets methods to predict 16 biological
processes from gene expression profiles. These processes were selected from an
ontology by picking those having at least 10 genes, but the approach did not treat
the issue of learning in an ontology, and evaluating a classifier that classifies in
an ontology.

In this paper, we focus on the problem of classifying genes from expression
profiles where the functional classes are organized in an ontology. We present a
rule learning approach that uses the fact that the set of classes is not flat, as it
is usually assumed in learning, but rather it is structured where a class may be
an instance of another one. We also introduce numerical measures to assess the
quality of such learning.

2 Methods

We used a rule learning approach similar to AQ [8] and CN2 [3] systems. One
advantage of this approach over other methods, such as neural nets and support
vector machines, is that it produces rules that characterize the decision class. In
our problem, these rules can be interpreted to get an impression of the common
behavior of the genes participating in the same process.

A simple example is given in Fig. 1. Each row in the table describes a gene
annotated with one or more processes. We assume that the expression level of
the gene has been measured at several time points, and the expression profile
is represented by the direction of the slope between two adjacent time points1.
From the table we wish to find rules. Fig. 1 includes some possible examples. A
rule consists of a condition which is a conjunction of attribute-value pairs, and a
conclusion. If a gene satisfies the conditional part, the conclusion gives the class,
i.e., the process, to which the gene belongs. We say that a rule covers a gene if
the gene satisfies the conditional part.

The classes assigned to the genes are taken from the ontology above the
table. Notice that the genes are annotated with both leaf and non-leaf classes.
If we ignore the ontology and use a standard algorithm directly on the table,
it will try to discriminate between super- and subclasses such as “transport”
and “cytoplasmic transport”. This may lead to very specific rules and make the
algorithm sensitive to noise. Hence, we risk overfitting the rules and may get
a poor prediction result. Therefore, it is not possible to ignore the ontology as
it would have been had the genes been only annotated with leaf classes. One
possibility though would be to “flatten” the set of classes by selecting the most
general ones containing any genes (e.g, “cell growth & maintenance” and “cell
adhesion” in Fig. 1) and move the annotations from the subclasses to these
classes. However, the detail of the annotations would be lost.

It follows that rule learning in an ontology should use all classes, and not
discriminate between the super- and subclasses. At the same time it should
retain as much as possible of the detail of the predictions without losing precision.
1 If the absolute value of the slope was less than 0.03 (after log2-transformation and

normalization), const was assigned as value.
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Root

cell growth & maintenance cell communication

transport intracellular protein traffic cell proliferation cell adhesion cell recognition

cytoplasmic transport

Gene 0H-15m 15m-30m 30m-1H 1H-2H 2H-4H Process Name

1 up up up const const cell proliferation
2 up up up down down cell proliferation, cell adhesion
3 down down down up up cell proliferation
4 down up up down up cell adhesion
5 const const const down down cell adhesion
6 down down down up up cell growth & maintenance
7 up down down down down cell growth & maintenance
8 up down down down down intracellular protein traffic
9 down up up up up transport
10 down up up up up cytoplasmic transport

Goal: Find rules like
0H-15m(up) & 15m-30m(up) & 30m-1H(up) → cell proliferation
0H-15m(down) & 15m-30m(down) → cell proliferation
0H-15m(down) & 15m-30m(up) → cell adhesion
1H-2H(down) & 2H-4H(down) → cell adhesion

Fig. 1. Rule Learning

However, when the annotations are spread throughout the whole ontology, the
data in a class may be too sparse to learn a good classifier. Each class may hold
only a few examples of genes that may have quite different expression profiles.
This may make it difficult to find distinguishing properties in the expression
profiles and will often result in rules with poor performance.

In our method, we correct this by including not only genes annotated with
the class, but also genes annotated with subclasses when rules are learned for
each class. In this way, there will be more genes to learn from. However, the
genes of a class are now covered by the rules of this class as well as the rules of
its superclasses, and we resolve the conflict with a voting scheme where a class
inherits votes from its superclasses. Hence, a prediction is not only based on a
single class, but also on the superclasses. This reduces the risk of an incorrect
prediction and increases the quality of the classification. A correct prediction
will typically be supported by all the superclasses and will get a higher vote,
while an incorrect prediction will not be supported by the superclasses, and its
vote will be smoothed out by them.

The method is an ensemble approach [4]. It produces a classifier that really
consists of multiple classifiers, since alternate classifiers could be constructed by
using the rules from a subset of the classes. For example, if all the genes were
annotated at the leaves, a full classifier could be constructed by selecting a set of
classes where all other classes in the ontology were either a super- or a subclass
of a class in this set. The granularity of the predictions made by the classifiers
would vary depending on the classes being chosen. However, all genes would be
covered by some rule in the classifier.
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Algorithm 1 The learning part

Input: A set of annotations A, a DAG 〈C, E〉, and an accuracy threshold α.
Output: A set of rules RS.

RS = ∅
for all c ∈ C\{Root} do

P = {g | 〈g, d〉 ∈ A and c < d}
N = {g | (〈g, d〉 ∈ A and c �≈ d) and (¬∃(〈g′, d′〉 ∈ P : vec(g) = vec(g′))}
R = {rg | rg is the most specific rule for g ∈ P with all attribute-value pairs}
while two rules in R can be merged into the rule r such that |Pr|

|Pr|+|Nr| ≥ α do
select the two most similar rules r1, r2 ∈ R and remove them from R
merge r1 and r2 into r by deleting all dissimilar attribute-value pairs
add r to R

end while
add R to RS

end for

Before presenting the algorithm in detail, we first introduce necessary nota-
tion. Let G be a set of genes, C be a set of classes, and A be a set of annotations.
Each gene g ∈ G has a vector vec(g) containing its attribute values and is anno-
tated with one or more classes. 〈g, c〉 ∈ A, if gene g ∈ G is annotated with class
c ∈ C. The classes form a Directed Acyclic Graph (DAG) 〈C, E〉 where E is a
set of edges such that 〈a, b〉 ∈ E is an edge from a to b if a is a superclass of b.
We define a partial order on the DAG where p is more general than r, denoted
p � r, if p = r, or there is a q ∈ C such that p � q and 〈q, r〉 ∈ E. p ≈ q denotes
that classes p and q are on the same branch, i.e., p � q or q � p. p is strictly
more general than q, denoted p � q, if p � q and p �= q. If r is a rule and P is a
set of genes, Pr denotes the genes in P covered by r.

The learning algorithm is given in Alg. 1. A set of rules is found for all the
classes in the ontology except the root. For each class c, the genes are divided
into a positive set P containing the genes that should be covered by the rules and
a negative set N containing the genes that should not be covered. P contains all
genes annotated with c or a subclass of c. N basically contains the genes from

Algorithm 2 The prediction part

Input: A gene g, a set of rules RS, a DAG 〈C, E〉, and a threshold t.
Output: A set P of class predictions for g.

for all c ∈ C: vc =

�
1 if there is a rule in RS covering g and predicting c
0 otherwise

for all c ∈ C do
if vc = 1 and there is no d such that c � d and vd = 1 then

Paths(c) = {{c1, . . . , cn, c} | root � c1 � . . . � cn � c}
votesc = maxP∈Paths(c)

P
d∈P vd

end if
else votesc = 0

end for
P = {c | votec

Norm
> t} where Norm =

P
c∈C votesc
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the classes that are not c or a sub- or superclass of c. However, a gene may have
several annotations (e.g., gene 2 in Fig. 1) since its product participates in sev-
eral processes, and none of theses should be excluded. Therefore, the algorithm
does not try to find rules that discriminate between different annotations of the
same gene; it rather makes a separate rule for each possible class of the gene.
Hence, genes that otherwise would be in N , are excluded if they also are anno-
tated both with c or a subclass of c. Moreover, a gene may have an expression
profile indiscernible from another gene annotated with c or a subclass of c. Such
genes are not included in the negative set since the rules should not discrimi-
nate between them either. The rules are then found by searching the hypothesis
space consisting of conjunctions of attribute-value pairs in a bottom-up fashion.
A most specific rule are generated for each gene in the positive set. These rules
are later merged into more general rules by dropping dissimilar attribute-value
pairs.

Predicting the class(es) of a gene is done by voting. The voting scheme is
shown in Alg. 2. Each class with a rule that covers the gene in question receives
one initial vote. It obtains an additional vote for each class that occurs on the
path to the root and has an initial vote. If there are several paths to the root
(since the ontology is a DAG), the highest vote among the paths is chosen. If a
class has a subclass with an initial vote, the subclass is preferred, and the class
is given no votes. The votes are normalized, and the classes having a normalized
vote higher than a given threshold are returned as the predicted classes.

3 Results

Our method was evaluated on a data set provided by Iyer et al. [7]. In their
experiment, the response in human fibroblast cells to serum was measured at
12 time points during the first 24 hours after serum was added to starved cells.
They found that only 517 of genes showed any significant changed, and these
constituted the data set. Since this set did not contain any annotations for
the genes, we annotated the genes by manually extracting relevant information
from the literature and molecular biology databases. The annotation classes were
taken from process ontology of the Gene Ontology Consortium [1], and process
information was found for 323 of the genes in the data set. 203 of these were
annotated with more than one class. Furthermore, only the subset of the classes
containing annotated genes (and their superclasses) was used in our evaluation.
Hence, a total of 234 classes was used where 157 were leaf classes, and 113 classes
had only one gene. We used a similar representation to the one present in Fig. 1.
However, not only features constructed from adjacent time points were used, but
also features constructed from intervals stretching over 3 to 6 time points2.

We also used an artificial data set. We constructed first a DAG and assigned
model profiles to each leaf class. Gene profiles were then created for the model
2 In this case, an additional requirement was set that the slope between adjacent

time points in the interval could not be below −0.02 (above 0.02) for an increasing
(decreasing) feature.
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profiles and assigned at random to the leaf class or one of its superclasses. Noise
was added to each profile by changing each attribute value with probability p.
With p = 0.10, the probability of at least one change in a profile was 1 − (1 −
p)11 = 0.69 since it contained 11 values.

The performance of supervised learning methods is usually measured by ac-
curacy. However, this measure assumes that there is only one prediction per
gene. In our case, there may be several correct predictions for a gene and a
gene may be annotated with several classes. Hence, we propose some new cri-
teria. We report the ratio RA of annotations that are predicted, and the ratio
RP of predictions that are correct, i.e., those that correspond to annotations:
RA = |MA|/|A| and RP = |MP |/|P | where A is the set of annotations, P is
the corresponding set of predictions, MA = {〈g, a〉 ∈ A | 〈g, p〉 ∈ P and a ≈ p},
and MP = {〈g, p〉 ∈ P | 〈g, a〉 ∈ A and p ≈ a}

However, these measures do not take the ontology into account. For instance,
if a prediction is made to “cell communication” for a gene annotated with “cell
adhesion”, the prediction has lost some of the detail, but it is still correct. To cap-
ture this loss, we find the depth from the root by counting the edges from a class
to the root and measure the depth of a prediction p relative to the depth of a an-
notation a as defined by d(a, p): d(a, p) = depth(p)/depth(a) if p � a, 1 if a � p,
and 0 otherwise. DA =

∑
〈g,a〉∈A max〈g,p〉∈P d(a, p)/|MA| gives the average rela-

tive depth of the best matching prediction for each matched annotation, indicat-
ing how well the annotations are reproduced. DP =

∑
〈g,p〉∈P max〈g,a〉∈A d(a, p)/

|MP | gives the average relative depth for each prediction, indicating how the well
all the predictions match in case there are more predictions for each annotation.

We tested the method using 10-fold cross validation on both data sets. The
results are shown in Tab. 1. Most of the annotations were predicted in the fibrob-
last, and most of the predictions made by the classifier were correct. However,
the predictions have lost a lot of the original detail. We believe that this is due
to the nature of the fibroblast data.

Obviously, it is easier to learn the classes at the top. Fewer classes must be
discerned, and more examples are available. However, the variation in the data
may be insufficient to distinguish between all the classes. Iyer et al. found only 10
major clusters in the data indicating that only 10 classes could be distinguished.
Even though our results suggest that present variation is sufficient to allow
distinction between more than 10 classes, it is unlikely that all 157 leaf classes
in our annotations may be discerned. This is partly due to the noise produced
by the microarray technology, which makes it difficult to tell whether all of the
measured variation is really significant. However, genes participating in different
processes may simply be similarly expressed in the experiment of Iyer et al., and
further experiments may be required to distinguish between the classes of those
genes. Thus, the coarse classes at the top of the ontology may better capture
the essential variations in the fibroblast data.

Our algorithm tries to predict the most detailed classes, but if the rules at a
detailed class do not fire for a gene, the rules in a coarser class may. Therefore,
the algorithm is capable of adjusting the granularity of the prediction to an
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Table 1. Results

Data PA RP DA DP

Fibroblast data (α = 0.70, t = 0.3) 0.714 0.691 0.293 0.339
Artificial data, p = 0.01 noise (α = 1.0, t = 0.0) 0.937 1.0 0.992 0.992
Artificial data, p = 0.05 noise (α = 0.80, t = 0.0) 0.821 0.967 0.948 0.948
Artificial data, p = 0.07 noise (α = 0.80, t = 0.0) 0.822 0.992 0.932 0.932
Artificial data, p = 0.10 noise (α = 0.80, t = 0.0) 0.744 0.976 0.915 0.915
Hvidsten et al. [6] 0.666 0.332 0.710 0.710

appropriate level of detail. If the data supports a level of detail in the original
annotation, then the detail will be maintained in the predictions.

The results on the artificial data set confirm this conjecture. The DA/DP
measure shows that the algorithm is capable of reproducing the detail of the
original annotation as long as variations in the data is sufficient to support this
level of detail. The RP level is nearly constant with increasing noise, and very
few incorrect predictions are made. However, it is a bit sensitive to noise since the
PA level falls a bit when the noise is increased. This is due to the rule generating
part of the algorithm that searches the hypothesis space in a bottom-up fashion.

Tab. 1 also gives a comparison with Hvidsten et al. [6] who used the fibroblast
data and learned rules for 16 classes. That work reported only sensitivity and
specificity for each class, but a general impression of the performance is difficult
to assess from these measures in the case of multiple classes. For any given class,
the positive set, containing the genes annotated with the class, is much smaller
than the negative set, containing genes annotated only with other classes. The
errors from these classes add up since several predictions can be made for each
gene. So even with seemingly high specificity, the number of false predictions to
the class may be much higher that the number of true predictions, resulting in
a low RP .

Tab. 1 gives estimates for the approach of Hvidsten et al. using our new crite-
ria. From this it is evident that more of the annotation detail level was retained
with that approach, but the ratio of predictions that were correct was rather low
and unsatisfactory. In fact, about 2/3 of the predictions that were made, were
incorrect. The main reason is that they used a slightly different representations
where a feature consisted of at least 3 consecutive time points showing the same
behavior. This forced the learning algorithm to make quite general rules for the
detailed classes that they had picked, but resulted in many incorrect predictions.
In our approach, we have chosen a less strict representation, but the rules in the
detailed classes became too specific and do not fire in most cases. In this way,
we have traded detail for prediction precision. However, this was necessary to
get an acceptable RP .
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4 Conclusions and Future Work

The task of predicting gene function from expression profiles creates new chal-
lenges for rule learning: The processes are typically organized in an ontology,
and hence new learning algorithms are required. We have presented a method
for learning in such a structure and shown than it gives accurate predictions –
even when the data is scattered around the ontology. Supervised learning in our
framework has been given a different dimension. Although, it is supervised, the
classes to be predicted are not fixed, but defined dynamically by adjusting the
detail in the predictions to an appropriate level relative to the data in question.
Furthermore, approaches for learning in an ontology must be evaluated which
requires new measures. We have proposed four measures, and we believe that
they should give a good assessment of the performance of an algorithm.

There is still room for improvement. One possible source of the inaccuracy of
the algorithm is the assumption that genes with similar expression profiles con-
tribute to the same biological processes. This assumption does not always hold
and may lead to incorrect predictions. The problem may be solved by including
additional information about the gene. One possibility would be to identify spe-
cific transcription factor binding sites in the promoter region of the genes and
to construct Boolean attributes where true (false) denotes the occurrence (lack)
of such binding sites in a gene. Another possibility would be to use microar-
ray data from several experimental conditions assuming that genes coexpressed
under one condition are not necessarily coexpressed under another. Moreover,
the data produced by the microarray is very noisy. Using replications of the
experiment should reduce this noise and give better predictions.

Our method uses genes for the subclasses in the rule learning process and
moves in this way genes upwards in the ontology. Another question that emerges
in the ontology is whether it is possible to move genes downwards by finding rules
that produce predictions that are more detailed than the original annotations
(at least for the more general annotations). We are currently investigating this.
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Abstract. In Parkinson’s Disease an analysis of Medical Data could
highlight some symptoms, which can be used as a complementary tool in
an early diagnosis. This paper analyses some Filter and Wrapper Feature
Selection Algorithms and combinations of them that determine some
relevant features in relation to this problem. The experimentation carried
out with a data set of patients allows us to determine a set of different
premorbid personality traits that can be considered in the early diagnosis
of Parkinsonism.

1 Introduction

As a clinical-pathological entity, Parkinson’s Disease (PD) is characterised by
the presence of the symptoms of progressive Parkinsonism, which include a set
of cardinal motor manifestations such as resting tremor, bradykinesia or akine-
sia, rigidity and alteration of postural reflexes. At present there exists general
consensus at the Parkinson’s Disease Foundation regarding the fact that the
presence of at least two of these symptoms are considered to be a necessary
requisite in order to diagnose Parkinsonism.

The possibility of an early diagnosis has been suggested [2] on the basis of the
hypothesis of Langston et al. regarding to the existence of three phases in the
natural history of the disease: a phase prior to the disease in which the risk factors
making it potentially vulnerable are at work; a second phase (presymptomatic
phase) ranging from the beginning of the disease up to the moment the typical
signs of PD appear. The patient, although asymptomatic, has the illness. It is
in these two phases that some authors have located the presence of premorbid
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personality traits. The third or symptomatic phase is the one in which we find
Parkinsonian motor signs.

Furthermore, some studies have compared groups of patients having an af-
fected relative with patients having sporadic apparition of PD for the purpose of
clarifying whether the same disease is involved and to find possible differences, if
any. The so- called premorbid personality is present in all age groups. Its obser-
vation in this kind of study could support the hypothesis of one single nosological
entity. Our intention is to determine whether these distinctive personality traits,
studied in this case when the illness is evident, exist. If their existence is proven,
they could serve as a tool to complement the diagnosis of the disease.

In order to do this, we will consider this problem as a classification problem
where there is a patient (an example) with a set of symptoms (a set of features)
and we must give a diagnosis about a disease (a class). So, with the set of
distinctive personality traits we will apply some Feature Selection Algorithms to
select a set of relevant personality features in the diagnosis of Parkinsonism.

The article is organised in this way: In Section 2, we define Feature Selec-
tion Algorithms. The application of Feature Selection Algorithms is described
in Section 3. The results obtained in the experimentation carried out and their
analysis are shown in Sections 4. Finally, the conclusions and future works are
exposed in Section 5.

2 Feature Selection Algorithms

A Feature Selection Algorithm (FSA) starts with a set of examples and searches
the most relevant features for the classification problem to solve, considering the
complete set of features [8,11,12]. An FSA is composed of: a search algorithm that
explores the space of feature subsets; an evaluation function that gives a measure
of the feature subset adaptation for the classification task; and a performance
function that validates the feature subset finally selected by the FSA. Many FSAs
have been proposed, and they can be classified into two categories [11,12], filter
and wrapper methods, which are briefly described in the following subsections.

2.1 Filter Approach

In this kind of FSAs, the evaluation function is calculated by class separability
measures based on distance, information, dependency or consistency measures,
and sieves the irrelevant and/or redundant features before the inductive learning
process [12]. These FSAs are an efficient alternative to obtain a feature subset
independent of the learning process used to obtain a model to classify. It can be
a negative aspect due to the model ignores the heuristic and bias of the learning
process in the feature selection.

2.2 Wrapper Approach

The FSAs included in this group use as evaluation function the estimation of
accuracy obtained by the classification process with the model based on the
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selected features [11,12]. The computing of this value implies to learn the model
for the candidate feature subset. This is the reason that wrapper feature selection
process is slower than the filter. This approach is not as general as the filter model
because it selects the data to fit the learning algorithm, it is restricted by the
time complexity of the learning algorithm and it may cause a problem with some
learning algorithms.

3 Application of Some Feature Selection Algorithms to
the Parkinson Problem

There are different proposals for the FSAs depending on the objective of the
feature selection process and the design of the algorithm components. In this
medical problem the objective is to determine a small set of features which can
help us as a complementary tool in the early diagnosis of Parkinsonism, if it
is possible. Taking it into account, we have used two FSAs that searches for a
feature subset with a previously fixed cardinality:

– A filter FSA based on a greedy search and on a function evaluation by means
of the Mutual Information Measure, developed by Battiti [1].

– A wrapper FSA based on a Genetic Algorithm (GA) [10] as search algorithm
and an accuracy estimation as evaluation function. The GA implemented is
a Steady State GA developed by the authors [4] in which every chromosome
represents a set of M features by using a set of M integer numbers.

Nevertheless, it is difficult to determine an appropriate value of the feature
set cardinality for a specific problem. Therefore, it can be useful to apply some
FSAs that select feature subsets with variable cardinality:

– A filter probabilistic algorithm based on the inconsistency measure, called
Las Vegas Filter Algorithm (LVF) which uses the probabilistic technical Las
Vegas as search algorithm, developed by Liu and Setiono [12].

– A wrapper FSA with a GA [10] as search process and accuracy estimation
as evaluation function. This wrapper FSA uses binary code to represent in
a chromosome the complete set of features symbolising with a 1 in the i-th
position if the i-th feature is selected and with a 0 in other case.

– Two wrapper FSAs based on a forward and backward greedy search process
with an evaluation function calculated by an accuracy estimation.

In this work, the accuracy in the diagnosis is calculated with the K-nearest
neighbour’s rule [6]. It is an efficient classification method with no learning time,
which determines the class (diagnosis) based on the information provided by
the k patients with a set of symptoms more similar to the patient to diagnose.
For the k parameter, we use the values employed frequently in the specialised
bibliography (k = 1, 3, 5).

We must note the set of FSAs applied to this problem select feature sub-
sets using different evaluation measures (inconsistency, mutual information and
accuracy measures) with different search algorithms (GAs, Las Vegas, Greedy
forward and backward).
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4 Experimentation

We have used a data set with the following characterictis: There are 96 exam-
ples, with 76 features for each example and 3 classes: family Parkinson, non-
family Parkinson and cerebrovascular disease, each one consisting of 32 patients
matched by sex, age and level of incapacity who came from the outpatient Neu-
rology department of the Hospital Cĺınico San Cecilio of Granada (Spain). Once
patients satisfied criteria for inclusion, they were assessed by means of a clinical,
neuropsychological and personality study. The clinical study included epidemi-
ological data as well as data from the Unified Parkinson’s Disease Rating Scale
(UPDRS). The neuropsychological and personality study included the following
scale and Test: Mini-Mental State Folstein (MME) [9], Depression scale Zung-
Conde, Personality Questionary H.J. Eysenck (EPQ-A) [7], Factorial Personality
Questionary (16 PF) [5], ôBig FiveöQuestionary (BFQ) [3]. We must note that
in this paper we do not focus the study in the nosological differentiation, if it
could be possible, between family and non-family Parkinson patients.

To validate the selected features and to estimate their accuracy in the diag-
nosis, we have used the leaving one out technique [13] with the k-NN rule.

We have executed the Greedy and integer coded GA FSAs with cardinality
3, 4, 6 and 8. The results obtained by them are shown in Table 1, rows 1-8.

As we can see the wrapper FSA give us a feature set with a better prediction
capacity than filter.

In addition, the experimentation does not remark the best cardinality feature
subset for this problem. This is the reason we have applied FSAs that search for
variable cardinality sets. Their results are shown in Table 1, rows 10-13. The use
of this kind of FSAs does not highlight a unique proper size; it depends on the
direction of the search, on the evaluation function and on the search algorithm
employed by the FSAs.

The LVF FSA provides us a set of twenty features that have no inconsisten-
cies. We can use this information in order to select a set of twenty features with
the integer coded GA. So, we combine the information provided by a class sep-
arability measure (the inconsistency measure) with an accuracy one. The result
is shown in Table 1, row 9.

The best result has been obtained with the binary coded GA, a wrapper FSA
without limitation in the final number of features to select. This GA FSA makes
a parallel search and it has not the limitation of the search direction as wrapper
forward and backward FSAs have.

Nevertheless, sometimes is necessary to know a fix number of relevant symp-
toms and in this situation, we can use the integer coded GA FSA with previous
information related to an adequate cardinality calculated by some class separa-
bility measure. The combination of filter and variable size with wrapper and fixed
size FSAs allows us to obtain a small set of features with accurate behaviour.

An analysis of selected features in Table 1 and their descriptions (see the
Appendix) points out the relevance of features 8, 10, 17-18, 20, 24, 34, 55, 62-63.
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Table 1. Feature subsets and correct classification percentages for PD

Algorithm Number of Selected Features % Correct
features classification

Greedy 3 24,32,62 69.79

Greedy 4 10,24,32,62 72.92

Greedy 6 8,10,11,24,32,62 66.67

Greedy 8 6,8,10,11,24,29,32,62 69.79

Integer coded GA 3 18,20,62 84.87

Integer coded GA 4 17,20,24,43 81.25

Integer coded GA 6 17,24,34,63,67,71 75.00

Integer coded GA 8 10,18,20,22,28,30,60,62 84.38

8,17,18,25,27,28,29,30,31,32,
Integer coded GA 20 33,34,44,51,55,57,59,61,62,63 90.63

0,2,8,16,17,18,21,34,52,53,55,
LVF 20 56,57,58,61,66,67,69,71,75 68.75

3,8,10,13,16,21,22,25,26,27,29,
Binary coded GA 30 30, 31,32,34,35,37,38,39,44,47, 91.67

50,51,52,55,56,58,59,60,65

Wrapper forward 6 24,28,33,50,55,62 83.33

The complete set except
Wrapper backward 70 4,9,35,36,45 and 54 features 77.08

5 Concluding Remarks and Future Works

In this work we have applied a set of FSAs for the PD problem. These FSAs have
selected a set of personality traits, which could be used as a complementary tool
in an early diagnosis of PD. Considerations about the nosological differentiation
between family and non-family PD have not been analysed.

As future work, we want to develop a hierarchical FSA, which could help
us to confirm the hypothesis of both forms of the disease correspond to the
same nosological entity. This FSA at a first level will select the relevant features
considering not only an accuracy measure but also some class separability ones,
with the objective to help in the early diagnose of PD. Finally it will work
with the selected feature set to check if there are relevance differences between
patients having sporadic PD and those presenting family aggreation.

For this problem, the design of a multiclassifier, which uses different feature
sets in the diagnosis of PD can be considered. So, different feature sets could
serve as a tool to complement diagnosis when the information is incomplete.
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Appendix
Table 2. Feature descriptions

N. Description N. Description N. Description N. Description

0 Sex 19 Hardness 38 Blood pressure 57 C. of emotions-T
1 Age 20 Hardness-PC 39 Extraversion-16 58 Cont.of impulses
2 Evolution time 21 Sincerity 40 Anxiety 59 C. of impulses-T
3 Beginning age 22 Sincerity-PC 41 Hardness-16 60 Cultural opening
4 Tobacco 23 Affability 42 Independence 61 Cult. opening-T
5 Alcohol 24 Reasoning 43 Self-control 62 Exper. opening
6 Coffee or tea 25 Stability 44 Dynamism 63 Exp. opening-T
7 Water 26 Dominance 45 Dynamism-T 64 Energy
8 Toxic 27 Encouragement 46 Dominance-Five 65 Energy-T
9 Education 28 Normal attention 47 Dominance-T 66 Affability Five
10 Grey hair 29 Audacity 48 Co-operation 67 Affability-T
11 Antidepressant 30 Sensitivity 49 Co-operation-T 68 Firmness
12 Anxiolytic 31 Alertness 50 Cordiality 69 Firmness-T
13 Depression 32 Abstraction 51 Cordiality-T 70 Emotion Stability
14 M. M.E 33 Privacy 52 Meticulousness 71 Emot. Stability-T
15 Emotional 34 Apprehension 53 Meticulousness-T 72 Mental opening
16 Emotional-PC 35 Op. to the change 54 Perseverance 73 Ment. opening-T
17 Extraversion 36 Self-sufficiency 55 Perseverance-T 74 Distortion
18 Extrav.-PC 37 Perfectionism 56 Contr. of emotions 75 Distortion-T
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Abstract. In this work we present a new methodology proposed to
study the survival time of Acquired Immune-Deficiency Syndrome di-
agnosed patients. This methodology is very flexible because it does not
need the assumption of proportional hazards and the estimation is car-
ried out without assuming any probability distribution for the variable
of interest. The inference in the model has been put forward using boot-
strap techniques. The main conclusion of the study is that the age of the
patients and the period of diagnosis are relevant variables to explain the
survival time for these patients.

1 Introduction

In this paper we study the survival time for AIDS (Acquired Immune-Deficiency
Syndrome) diagnosed patients. Our dataset contains information about the sur-
vival time for patients who have lived in the Basque Autonomous Community
and the Autonomous Community of Navarra in Spain.
A review of the literature on survival studies on AIDS (see, for example,

some references in [1]) shows that practically all of the references focus on the
study of the length of time for the “incubation” period, that is, the period start-
ing with the seroconversion and lasting until the diagnosis of AIDS. This is the
largest period in the evolution of the Human Immunodeficiency Virus (HIV) and
it is at this time when the infected individual is classified as seropositive. For
studies covering the same time period as the one in our sample, we have found
that approximately 50% of the infected individuals develop the illness within ten
years. During the “pre-antibody” stage, a period occurring right before the “in-
cubation” period, infected people spend several months (less than two months
for half of these individuals) before generating antibodies. In our study, instead
of concentrating on these periods, we are interested in the last step of the ill-
ness, that is, the survival time starting with the diagnosis of the illness which
begins when the infected individual develops some of the symptoms necessary
to him/her an AIDS patient.
Survival data are very often censored and, usually, present asymmetric proba-

bility distributions. Because of these special characteristics, some specific method-
ologies for this kind of data have been developed. Among these, two major classes
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of models are represented by the Cox model [2] and its various generalizations,
mainly used in the medical and biostatistical fields, and the Accelerated Failure
Time (AFT) models (see, for example, [3]), mainly used in reliability theory and
industrial experiments. The models proposed by Cox is the most frequently used
one because it offers the possibility to estimate the parameters of interest with-
out assuming any probability distribution for the duration variable. However,
the main drawback of this methodology lies on the need to have the restric-
tive assumption of proportional hazard functions. On the other hand, the usual
estimation process for the AFT models implies the need to assume a given prob-
ability distribution for the duration variable.
The methodology used in this study is a flexible one because it does not re-

quire the knowledge of the probability distribution for the duration variable and,
in addition, it does not need the assumption of proportional hazard functions.
Moreover, this methodology allows us to estimate the direct effect of the covari-
ates on the mean value of the duration, allowing for the possibility of specifying
the effect of one of the covariables in a nonparametric way.

2 The Data

The dataset used here has been kindly provided by the “Centro Nacional de Epi-
demioloǵıa del Instituto de Salud Carlos III”. This dataset contains information
about a sample of 461 patients diagnosed with AIDS from 1984 until December
31, 1990. We followed these patients up until December 31, 1992. The survival
time variable measures, in quarters, the lifetime from the diagnosis time up to
the end of the study or up to death. Therefore, as it usually happens with this
kind of data, we have some censored observations (right censoring). In order to
explain this variable, we have information about personal characteristics of the
patients and variables related to the illness. Thus, we can study the importance
of those characteristics to explain the survival time of the patients.
We begin by indicating that the variables related to the characteristics of the

individuals are the age and the gender of the patient. The variables related with
the AIDS illness, in particular with the sort of disease at the diagnosis time are:
the variable Illa, taking the value one if the patient has been diagnosed with
AIDS through an opportunistic infection, and zero otherwise; the variable Illb,
taking the value one if the AIDS diagnosis is produced by a Kaposi’s sarkoma
or some lymphoma, and zero otherwise; and the variable Illc, taking the value
one if the patient has been diagnosed through an HIV encephalopathy or a
HIV wasting syndrome, and zero otherwise. We also have information about
the transmission via and, in order to code this effect, we have used five dummy
variables: Sexual, Drugs, Blood, Motherchild and Others, taking value one if the
transmission category is the indicated one, and zero otherwise (i.e., Illc and
Others are the reference levels).
In addition, we have information about the time of diagnosis and, thus, we

define another covariate that takes into account the diagnosis time (Diagtime).
This covariate takes value one if the diagnosis takes place in the second quarter

202 Jesus Orbe  et al.



of 1984 (the first diagnosis), and value twenty seven for patients diagnosed in the
last quarter of 1990. By using this variable, we can analyze the evolution of the
survival time of the patients from the beginnings of the illness until 1990. In this
evolution, we are particularly interested in studying the effect of the introduction
of the Zidovudine (AZT) medicine on the survival time. The administration of
AZT started in July 1987. In a previous work [4], we have tried to estimate this
effect by using a dummy variable taking value one if the diagnosis had taken
place after 1987, and zero otherwise. However, we think that it is more realistic
to assume that the real effect of the administration of this medicine is more
gradual than the sudden effect specified by a dummy variable. In addition, we
have to point out that in [4] we assumed that the probability distribution of
the duration followed a Weibull regression model. However, in this paper we use
a new methodology that does not assume any probability distribution and, in
addition, allows us to capture the gradual effect of the AZT treatment through
a nonparametric specification of the Diagtime covariate.

3 The Model

We now briefly describe the model and the new methodology, based on the one
proposed by Stute [5] for regression models with censored data. In summary, we
will see that our methodology generalizes his.
Let us assume that we have a sample of observations (Di, Ci, Xi) for i =

1, . . . , n, where D1, . . . , Dn are independent observations of the variable of in-
terest, the duration variable, having some unknown distribution function FD.
C1, . . . , Cn are independent observations of the censoring variable having some
unknown distribution function FC . In addition, we assume that D and C are in-
dependent variables and that Xi = (X1,i, . . . , Xk,i, Zi) is the (k+1)-dimensional
vector of covariates for the i-th individual. Our goal is to be able to explain the
relation between D and X using a regression model but, for our particular study,
we need a semiparametric regression model. Thus, in the parametric component,
assuming a linear relation, we introduce the first k covariates (X1, . . . , Xk) and,
in the nonparametric component, without assuming any functional form, we cap-
ture the effect of the covariate Z (in our example the Diagtime variable) on D.
Due to the censoring, not all of the D′s are available; that is, rather than ob-
serving Di, we observe Oi, the observed duration variable that is the minimum
between the duration Di and the censoring Ci. In addition, we know through an
indicator variable I if each observation is censored or not. Thus, Ii takes value
one if the i-th observation is not censored (i.e., Di ≤ Ci), and Ii takes value zero
if the i-th observation is censored (i.e., Di > Ci).
If we assume additive effects of the covariates on the logarithmic of the du-

ration variable, we have the following model:

logDi = β1X1,i + . . .+ βkXk,i + g(Zi) + µi for i = 1, . . . , n (1)

The estimation of the effect of the covariates can be carried out by minimizing
the following expression:
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n∑
i=1

Win[logO(i) − β1X[1,i] − . . . − βkX[k,i] − g(Z[i])]2 + h

∫
[g

′′
(z)]2dz, (2)

where logO(i) is the i-th ordered value of the observed duration variable logO,
(X[1,i], . . . , X[k,i], Z[i]) is the concomitant vector of covariates associated with
logO(i), h is the smoothing parameter and Win are the Kaplan-Meier weights,
defined by:

Win = F̂D(logO(i))− F̂D(logO(i−1)),

and F̂D is a Kaplan-Meier estimator [6] of the distribution function FD.
As can be seen from (2), in order to estimate the model in (1), we have to

consider several issues: (i) the goodness of the fit, (ii) the smoothness of the
proposed function to model the effect of the covariate included in the nonpara-
metric component, and (iii) the presence of censored observations. As for the
goodness of the fit, this is controlled through the sum of the weighted squared
residuals using the Kaplan-Meier weights. Thus, by using these weights, we take
into account the existence of censored observations in the sample. As for the
smoothness, we measure it in the usual way by using the integral of the square
of second derivatives. The degree of smoothness is determined by h, the smooth-
ing parameter. Large values of h produce smoother curves, while smaller values
produce more wiggly curves. When h is close to zero, the penalty term becomes
not relevant and the solution tends to an interpolating one. However, when h
is large enough, the penalty term dominates and, thus, we obtain the weighted
least squares solution.
It can be shown that the solution of the minimization problem for the func-

tion g is a natural cubic spline. Therefore, by using the value-second derivative
representation of a natural cubic spline presented in Section 2.1 of [7], we can
rewrite (2) and, thus, we can take derivatives in this new expression, with respect
to β and g (where g is the vector of values gj = g(zj) for j = 1, . . . , m and m is
the number of distinct values for the covariate Z), obtaining the solution for β
and g. For more details about the complete estimation process see [8]. We would
like to add that [8] contains a simulation study, using different censoring levels
and several sample sizes, to verify that the proposed estimation methodology to
estimate the semiparametric censored regression model produces good estimates
for the parametric component and for the nonparametric one, even in the case
of a complicated function.

4 Empirical Results and Conclusions

In this section we fit model (1) by using the proposed methodology to our AIDS
diagnosis patients dataset. In the parametric component, we introduce, specify-
ing a linear effect, all the covariates except the diagnosis time (Diagtime), which
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is introduced in the nonparametric component. Thus, we estimate the model fol-
lowing the estimation procedure presented above. Table 1 and Figure 1 contain
the results of the analysis for the parametric and nonparametric components,
respectively. We have to point out that the confidence intervals and the variance
of the estimators have been calculated by using bootstrap techniques. In addi-
tion, to obtain both the confidence intervals and variances, we have developed a
new and flexible bootstrap resample generating procedure adequate for regres-
sion models with censored observations. This procedure is a flexible one, because
is does not assume any relation between the censoring and the covariates (for
more details about the proposed bootstrap procedure see [8]).

Table 1. Estimates of the β coefficients and 95% confidence bootstrap intervals

Variable β Variance Lower Limit Upper Limit

Constant 0.5266 0.1859 -0.3611 1.3357

Motherchild 0.3877 0.3110 -0.6330 1.5835
Blood 0.0702 0.0872 -0.4866 0.6971
Drugs -0.0430 0.0472 -0.4722 0.3779
Sexual -0.1201 0.0635 -0.6020 0.3610

Illa -0.0154 0.0745 -0.5672 0.5080
Illb -0.0508 0.1114 -0.6882 0.6272

Gender 0.0348 0.0203 -0.2501 0.3106

Age -0.0177 0.00004 -0.0313 -0.0052

With regard to the estimation for the parametric component, we can conclude
that the age of the patient has a negative significant effect on the survival time
of the patient. The rest of the covariates: gender, transmission via and diagnosis
illness turned out to be non statistically significant to explain the survival time.
If we analyze the results for the nonparametric component (Figure 1), we can see
that, when we move from the beginning of the illness, the survival of the patient
increases, and this increment has a strong acceleration several quarters before
the beginning of AZT administration (i.e. z = 13). Therefore, this acceleration
can explain the positive effect of the treatment by increasing the survival time.
In addition, this positive effect is previous to the introduction of AZT because
patients whose diagnosis time was several quarters before starting the adminis-
tration of AZT also receive the treatment. As for the estimation of g at the last
diagnosis quarters, we want to mention that this final drop is caused by the data,
because the distance from these quarters to the end of 1992 is not big enough to
observe the duration in all of the cases and, therefore, the maximum reachable
duration is smaller when we are approximating the last quarters in the sample.
Finally, in order to summarize our proposals, we have to mention that we

have used a flexible model without assuming any probability distribution for the
duration variable, which must indeed be done when using the AFT models, and
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Fig. 1. The estimation and 95% confidence bootstrap intervals for the function g in-
troduced in the nonparametric component of the semiparametric model

without assuming proportional hazard functions, as required when using Cox‘s
models. In addition, to be able to estimate the effect of the administration of
AZT on the survival, we have introduced this effect in a flexible form using a
nonparametric term, so that it is possible to capture its gradual effect on the
duration variable.

References

1. Brookmeyer, R., Gail, M.H.: AIDS Epidemiology a Quantitative Approach, Oxford
University Press, Oxford (1993)

2. Cox, D.R.: Regression models and life-tables. Journal of the Royal Statistical
Society-Series B Vol. 34 (1972) 187–220

3. Lawless, J.F.: Statistical Models and Methods for Lifetime Data. John Wiley and
Sons, New York (1982)
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Abstract. In abdominal intensive care medicine letality of septic shock
patients is very high. In this contribution we present results of a data
driven rule generation with categorical septic shock patient data, collected
from 1996 to 1999. Our descriptive approach includes preprocessing of
data for rule generation and application of an efficient algorithm for
frequent patterns generation. Performance of generated rules is rated by
frequency and confidence measures. The best rules are presented. They
provide new quantitative insight for physicians with regard to septic
shock patient outcome.

1 Introduction

A septic shock during a stay in an intensive care unit affects outcome in a neg-
ative manner [1], [2]. This phenomenon is related to mechanisms of the immune
system [3]. Our approach to reduce letality of septic shock patients is the auto-
mated, intelligent search of information in already documented patient records
without looking at additional costly measurements of immune system reactions
and markers. We analysed the data of 362 patients by 30 boolean variables,
including almost all the usually documented categorical data like relevant di-
agnoses, medicaments and therapies. For technical reasons operations were not
included in this analysis. Data was collected in a german hospital from 1996 to
1999. 14.9% of all the patients are deceased. Our analysis of categorical data
carries on the analyses already done for metric septic shock patient data with
another data base in [4] and [5]. To find interesting rules within the high num-
ber of all the rules coming from subsets of 30 variables we used a tree search
algorithm based on [6] which is described in Sect. 2. Subsequently, in Sect. 3
achieved results are presented.
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2 Frequent and Confident Patterns by FP-Trees

If you have medical – or economical, geological, biological, etc. – categorical vari-
ables (in database language called attributes) with different possible values like
{high, middle, low}, {yes, no} or {A, B, C, ...}, i.e. n different variables v1, . . . , vn,
each variable vi takes one of the mi different values ai,1, . . . , ai,mi , it could be
interesting to find out which combinations of attribute values could be observed
with respect to one class c like the class of deceased patients. Therefore, all the
patients Pj are listed with their attribute values and their outcome, e.g. P1 :=
(high,yes,...,C,no;deceased), P2 := (low,yes,...,D,no;survived), etc. Now we are
looking for rules of the form “if vl1 = al1,k1 and ... and vls = als,ks then
class c” that contain a small number s of variables. Rule R is better than a
rule S if it is valid for more samples (patients), and R is also better than S if it
produces less misclassifications. For this purpose the frequency and confidence
of a rule are defined in Sect. 2.1.

There exist a lot of different approaches to solve the combinatorical problem
of finding appropriate rules efficiently, e.g. [7], [8]. Ref. [7] combines the elemen-
tary attributes to more complex combinations, evaluating the frequencies of the
emerged patterns (association rules). [8] starts using the complex patterns Pj ,
melting them to less complex rules (generalization rules). Both algorithms are
based on frequent patterns, i.e. frequent occurences of equal attribute values in
different samples. So, here we base our algorithm on a frequent patterns ap-
proach to generate rules, improving it by additional confidence calculations, see
Sect. 2.2.

2.1 Frequency and Confidence of Rules

Now, we define the common rule performance measures frequency and confidence.

Definition 1: (Frequency and Confidence)
Let N be the number of all the samples and let R be a generated rule of class c
with ≤ n attribute values bk for variables vk. Let � denote the number of elements
of a set.
a) The frequency freq(R) ∈ [0, 1] of R is the number of samples Pj = (d1, . . . ,
dn; c̃) that induces rule R divided by N , i.e.

freq(R) :=
�{Pj | ∀ k (bk is attribute value of R and bk = dk)}

N
. (1)

b) The confidence with respect to c conf(R, c) ∈ [0, 1] of R is defined as
the number of all the samples of class c inducing R divided by the number of
samples Pj of any class that induces rule R,1 i.e.

conf(R, c) :=
�{Pj = (d1, . . . , dn; c) | ∀ k (bk is attrib. value of R and bk = dk)}

�{Pj | ∀ k (bk is attribute value of R and bk = dk)} .

(2)
1 Multiplied by 100 the measures could be interpreted as a percentage.
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The aim of our rule generation process is now to find all the sufficient frequent
and confident rules R, those with freq(R) ≥ minfreq and conf(R, c) ≥ minconf

using predefined thresholds minfreq and minconf . These thresholds must be high
enough to provide interesting, significant rules and low enough to generate a
sufficient number of rules. So an expert of the application area – in medical
applications a physician – has to be involved in order to design proper thresholds
for useful results.

To extract all the frequent patterns fast without scanning the database sev-
eral times we use the FP-tree structure.

2.2 The FP-Tree Approach

For convenience of the reader we repeat shortly the ideas behind the basic al-
gorithm with an example. We refer to [6] for more formal, extensive definitions,
proofs and explanations. Basic knowledge of data structures for algorithms [9] is
required. For our purpose we changed the algorithm slightly and added the last
step 7.

1. Let us assume, our database D consists of three patient records, each with
3 variables: P1 = (yes, high, low; deceased), P2 = (yes,middle, low; deceased)
and P3 = (no, high,middle; survived). For technical reasons, encode the attribute
values so that no attribute value of one variable is equal to one of another
variable. For our example, we encode the attribute values with letters: P1 =
(A, G, L; deceased), P2 = (A, H, L; deceased) and P3 = (B, G, M ; survived). We
choose minfreq := 2/3 and minconf := 0.6 for class “deceased”.
2. For generating a FP-tree for class “deceased” in step 3, we have to count the
frequency of all attribute values related to this class and order the attributes
in a descending list. For our small database of three patients we get: (A:2),
(L:2), (G:1), (H:1), (B:0), (M:0). Then we re-order the attributes in the samples
with respect to this list: P1 = (A, L, G; deceased), P2 = (A, L, H ; deceased)
and P3 = (G, B, M ; survived).

Fig. 1. FP-tree for database D with node information. Here, only G’s link list
is shown (dotted arrows)
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3. We build up a prefix-tree with an additional link list pointer for every attribute
and attached basic information (attribute value, frequency count “deceased”,
frequency count “survived”) to every node, see Fig. 1. This prefix-tree is called
a FP-tree. So, the data base is very efficiently stored, avoiding redundancy
(database compression). You can efficiently reconstruct all the samples and their
frequencies for the class “deceased”.
4. For every attribute construct a conditional database, i.e. walk through the
link lists of the items and build up (from attribute node to root) lists of all prefix
paths with maximal possible frequency for the classes “deceased” and “survived”
in the path. For our example, this means for item A the path (<root>), for
item L the path (<(A:2:0), root>), for G the paths: (<(L:1:0), (A:1:0), root>,
<root>), for H: (<(L:1:0), (A:1:0), root>), for B: (<(G:0:1), root>) and for M:
(<(B:0:1), (G:0:1), root>). After step 4 we have a set of conditional databases.
5. We chose minfreq = 2/3 for class “deceased” in step 1, so without the trivial
path <root> we only have to consider the path L: (<(A:2:0), root>), because
all the other paths do not fulfill the frequency threshold condition (frequency
pruning).
6. For all conditional databases – generated in step 4 – that contain more than
one single path, build a (sub-)FP-tree using items and frequencies from the paths.
Then, repeat steps 4 and 5 separately for every (sub-)FP-tree (recursion). For
conditional databases with only a single path go on with step 7. In our simple
example we need no recursion for the single conditional database L: (<(A:2:0),
root>).
7. Calculate the confidence for combinations – that represent the rules – in
each single path, i.e. for the resulting rules. For this purpose in our example we
set R1 := (A, L), R2 := (A) and R3 := (L). Then, we have conf(R1,deceased) =
1, conf(R2,deceased) = 1, conf(R3,deceased) = 1. Select confident rules with re-
spect to minconf . Here, all three rules are confident. However, we generate longer
rules only if the confidence is better, but this depends on the application. So
only R2 = (A) and R3 = (L) - meaning “yes” resp. “low” – are given out, i.e.
we have generated two rules R2 “if var1 = yes then class deceased” and R3 “if
var3 = low then class deceased”, both with confidence 1 for class “deceased”
and frequency 2/3.

Of course, the whole procedure could be applied for class “survived”. The
algorithm performs efficiently if and only if there are a lot of common long
subpatterns in most of the samples of the database, so that there is no explosion
of recursive calls of the steps 4 and 5. Due to the fact that we have only binary
variables and patients with a very individual behaviour the algorithm is not
very performant, but until now it is one of the few algorithms that can find all
frequent and confident rules in acceptable time. Other algorithms could be more
inefficient due to a combinatorical explosion in the search space.
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3 Results

Before we will present the results of our application of the FP-tree approach, we
give a short description of the database with respect to preprocessing steps.

3.1 Data Preprocessing

Our database consists of 362 septic shock patients. Because it is often difficult
to get a verification of an infection in time, this criteria was not presumed in the
septic shock definition. The data of each patient was given as admission data (e.g.
chronic diagnoses) and daily measurements (e.g. acute diagnoses, medicaments
and therapies). We extracted binary values from time series in the following
manner: If someone developed an organ failure during a stay at the hospital we
set this binary variable to “true” for this patient. So the dynamical behaviour of
the time series is lost; the analysis of dynamical behaviour of 30 synced variables
is not yet possible. – Another problem are missing values: A maximum of 30,
a minimum of 12 and a mean of 25 variables was available for every patient.
For this reason some technical adaptations were necessary in the FP-tree algo-
rithm. In fact, preprocessing of multivariate time series with missing values –
the usual case in medical databases – is very time consuming but although very
important [5], [10].

3.2 Generated Rules

Now, let us give examples of frequent and confident rules. We chose minfreq =
0.020 and minconf = 0.750 for class “deceased”. Because the database of survived
patients is easier to describe with rules we set minfreq = 0.165 and minconf =
0.980 for class “survived”. We generated 1284 rules for class “deceased” and
9976 rules for class “survived” that are frequent and confident with respect to
the thresholds. Two of the best rules for survival and death are listed below.

1) “if peritoneal lavage = no and thrombocyte concentrate = no and haemodial-
ysis = no then class survived with confidence 0.980 and frequency 0.420”
2) “if haemofiltration = no and reoperation = no and acute renal failure =
no and liver cirrhosis = no then class survived with confidence 0.990 and fre-
quency 0.290”
3) “if minimal use of three different antibiotics = yes and artificial respiration
= yes and tube feeding = no then class deceased with confidence 0.818 and
frequency 0.030”
4) “if organ failure = yes and antiarrythmics = yes and haemodialysis = yes
and peritoneal lavage = yes then class deceased with confidence 0.800 and
frequency 0.028”

Although the rules are frequent and confident enough to indicate survival
and death of patients and the rules have mostly conditions for only a few of the
30 variables, the number of rules is surely too high. A physician can not consider
all the rules for practical use. So future work have to be done to find a smaller
rule basis that describes the patient data sufficiently.
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4 Conclusion

Our aim was the extraction of information from categorical septic shock patient
data. For this purpose we applied an efficient improved frequent patterns algo-
rithm to generate frequent and confident rules. We obtained a lot of performant
rules for the classes of deceased and survived patients. Such rules give good hints
for physicians. The remaining problem is the high number of interesting rules
– due to the individual behaviour of the patients – that have to be reduced
technically with the support of experts to obtain a human understandable rule
basis. Also it is desirable to combine an approach for categorical data with an
approach for metric rule generation to build up a warning system. Finally, we
plan to analyse multicenter data to get more representative results.
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Abstract. The implementation of an Information System of medical images 
with safe Internet access and with an interface which allows visualization, 
analysis, processing and advanced visualization, will enable the radiologist to 
access those clinical cases he wishes to consult, both within the hospital 
Intranet and also from an extranet. 

Freeware software has been used for its implementation and the analysis, 
processing and advanced visualization module is easily integrated in the 
existing equipment of the organization. This system also allows for  the 
production of multi-centre epidemiological studies. 

An analysis of radiological data from patients with head and neck cancer were 
carried out in order to validate the system. This system has automatic link 
devices with the medical modality equipment for a safe and restricted 
acquisition, storing, and access. This allows its integration within the existing 
RIS at the medical centres. 

1 Introduction 
A s  in any other research field, in the medical environment the present developments 
of software applications tend to be  designed for their use within the Net, making the 
most of the Internet infrastructure. 

The development of an information acquisition, storing and management system 
which can b e  accessed from remote spots and which possesses an ergonomic and 
user-friendly interface is necessary when we try to  carry out a medical study. In the 
present case, our study uses diagnostic images (also known as modalities), such as  
Computerized Tomography (CT), Digital Substraction Angiography (DSA), Nuclear 
Medicine (NM), Magnetic Resonance Imaging (MRI) or ultrasounds (US) [I] [2] [3] 
[4l. 

A research was carried out in order to validate the system, in which information 
and communication technologies were applied to  the digital access and treatment of 
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CT images, in order to obtain certain parameters. The results were later compared to 
the anatomic-pathology findings and to the survival of a series of patients suffering 
from epidermis carcinoma of the oral pharynx cavity. 

The present paper introduces an Information System of Medical Diagnostic 
Images which can be accessed from the Web, and which integrates a set of digital 
analysis and processing tools which allow to carry out multi-centre studies, regardless 
of the number of participants and their geographical location. 

The system developed centralizes all the modalities of a mediumsized hospital. 
Restricted access is permitted according to the access privileges, in order to produce 
reports or just to check results. 

2 Material and Methods 

2.1 System's Architecture 

One of the main goals established when planning the design of the system was that of 
achieving a final product as open and compatible as possible. That is the reason why a 
PC in NT Windows environment was used as hardware platform. 

With regard to the software used for the implementation, Apache v.1.3.12[5] was 
used as web server, a freeware server widely used on the Internet[6]. MySql was used 
as Data Base manager, being a freeware data base engine which is also widely used 
on the Internet at present[7]. PHP4 was installed for the implementation of dynamic 
web pages, which is also a freeware tool[8]. 

2.2 Image Acquisition Mechanism 

Once the communication network is analysed, the equipment may be divided into 
three different types: DICOM compatible and non-compatible[9]. 

a) An application with the services QueryRetrieve and Storage was designed 
for the acquisition of images with the DICOM equipment, acting as SCU 
(Service Class User), and being able to acquire and introduce the images into 
the PACS. The equipments are consulted every 24 hours. 

b) With non-compatible DICOM madalities, they are acquired through a 
programmed FTP, being transformed form their proprietary format to the 
DICOM standard via a software which has been developed for that purpose. 

2.3 Development of the Output Interface 

It was defined which information would be shown via the web pages, the look of the 
screens and the basic functions of the pages accessed through the Internet. 

2.4 Security Devices 

User profiles and safe data transmission. At this stage it was decided which 
information is of public access and which restricted. In order to maintain the privacy 
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of data in the Internet transmissions, it is necessary to use a safe protocol. 

2.5 Visualization and Analysis Tools 

The image analysis functions allowed by traditional web pages are very limited. A 
- - 

JAVA technology was developed in order to access the image source and to apply 
various digital processing techniques. It also provides the user with a series of tools, 
which try to assist with the acquisition of a more accurate report. There are several 
possibilities: outlining, softening, pseudo-colour, application of standard protocols for 
visualizing grey windows, equalization, modification of brightness and contrast, 
manual outlining of edges and visualization of the histogram of the 3D image. 

2.6 Description and Analysis of the Clinical Series 

Both for the development of the system and for the evaluation of the method, a 
retrospective sample of patients from the ENT department of Juan Canalejo Hospital 
is used. 38 patients with oral and oropharyngeal carcinoma were included in the 
sample, with a follow-up from 22 to 89 months. 

The contrast used in Computerized Tomography (CT) was Iohexol (Omnipaque) 
for every case, according to the existing protocol for head and neck tumours. 

All surgical pieces and preparations were reviewed by 2 observers from 
Pathology department. 

The images used are the contrast tomographical studies carried out on the patients 
before surgical treatment. 

Preparation of the samples were carried out with the tools supplied by the system: 
a) three slices with a good visualization of the whole tumoral mass were 

chosen. The artefacts usually come form the patients' metallic tooth 
fillings 

b) the density of the muscle obtained from sampling the posterior muscles 
of the neck, and these will be used as a reference for tumour parameters. 
Equalizing of the tumoral image will increase the contrast of the tumour 
structures to reach the maximum definition of the tumoral border. 
Finally, the 3D histogram is calculated in order to visualize the 256 grey 
levels and to facilitate the manual segmentation of the tumour in CT 
scan. Once the tumour profile is obtained for each of the three slices 
selected for each patient, the following data k calculated: number of 
segmented pixels, range, average, mode, standard histogram deviation, 
percentage value at 50(p50), 75(p75), 90(p90) and 100 (p100). Finally, 
the following parameters are defined for each patient: patient tumour 
average (XP), patient tumour medium (LP), p75 patient (LXXVP), p90 
patient (XCP), plOO patient (CM), patient tumour average dif. - patient 
muscle average (XD), dif.p75 patient tumour - patient muscle average 
(LXXVD), dif.p90 patient tumour - patient muscle average (XCD), dif. 
plOO patient tumour - patient muscle average (CD), % pixel threshold 
below muscle density (VIABLE) 
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3 Results 

3.1 System's Functioning 

The huge size of these data makes their Internet transmission slow. With the purpose 
of reducing the waiting time, a fast visualization icon (preview) is generated for each 
image in JPG format (around 50 kb). These icons allow the medical doctor to have a 
first rapid glimpse of the study, so that a specific image can be selected to be analysed 
or reported. Then the original DICOM image (full size) is visualized. The DICOM 
files are validated after being acquired by the sending equipment, their preview is 
generated and they are stored in the database as BLOB data (Binary Large Object), 
thus respecting the standard. 

The access interface to the system is via web pages. This environment is familiar 
to the doctors, which facilitates their acceptance, avoiding usage-learning time. 

3.2 Implementation of Security Devices 

In order to guarantee the confidentiality of data avoiding their access by non- 
authorized personnel, user profiles have been defined: there are users who have access 
to certain information, others who may access the whole information but cannot 
modify it, while others are able to check studies, to analyse them and to register 
modifications. 

The SSL protocol (Secure Sockets Layer) was used for a safe Internet 
transmission, which guarantees the privacy and integrity of the transmitted data, and 
the identity of the Web server [lo]. 

3.3 Analysis of Medical Data 

Among the tools used for segmentation, those designed for facilitating the manual 
segmentation tasks have proved to be completely satisfactory. Image equalization and 
3D histogram segmentation were the chosen procedures for segmentating most 
tumours. Other procedures, such as pseudo-colour, have been discarded due to lack of 
information about the correlation between each tissue type and their radiological 
density. 

With regard to the correlation between anatomic-radiology and survival, those 
poorly differentiated tumours had lower proportions of tumour mass below the 
muscle density threshold (83,4%) with regard to those which were moderately or well 
differentiated (94,1%). This difference proved to be statistically significant. The poor 
histological differentiation has been independently related to a lower global survival 
rate (13,5% v. 44,3 months), causespecific survival (13,5 v. 46,9 months), and 
shorter disease-free period (5,2 v. 36,6 months). The viable parameter has been 
significantly different in the tumours of deceased patients (90,6%) with regard to 
survivors (97,2%), and also among those patients who died from the illness compared 
to the rest (90,5% v. 96,4%). Those patients with more than 90% of threshold tumour 
had a greater survival rate (48,8 months) than those with less than 90% (19,6 months) 
(p<0,05). For causespecific survival, it was found that those tumours with more than 
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95% had a greater survival rate, with an average life of 54 months, compared to the 
25,6 months of those with less than 95% (p<0,05). 

The tumour average did not show any relationship with pathological parameters 
or prognosis. However, the difference of the tumoral average density with the muscle 
reference (XD), which stands for the tumour contrast in relation to the tissue with a 
relatively homogeneous uptake level in time, has shown certain qualities. The 
measurement clearly represents other data, given that the medium muscle variable has 
shown a high variability among the patients (107,8, ranging from 128,7 to 236,5 
@D:25,15)). This big variability among patients justifies the need to obtain 
individualized figures for each patient. XD has been statistically related to 
microvascular infiltration of tumours. Those tumours with microvascular infiltration 
had an average XD of 42,9, while those tumours without it did not influence the 
statistical survival of our patients. However, infiltration is associated with a poorer 
prognosis in most publications in head and neck cancer. 

The maximum contrast concentration (CM) was higher in the group of patients 
who have developed a local relapse with regard to those who have not (246,5 v. 
239,9). 

4 Discussion 

The information demand, both from external and internal sources, occurs once the 
PACS is implanted. The answer to these demands is easily solved by means of using 
Web technology. 

The system was developed with mediumlow cost tools: PC hardware and 
freeware software. The performance is acceptable for a mediumsized hospital 
(around 100 beds) such as the one used for the clinical research. If the hospital was 
bigger, commercial tools would have to be used, which guarantee reasonable response 
times regardless of the work load, the concurrent access of a great number of users 
and a fault-tolerant hardware. 

With regard to scalability, the system's storage requirements will increase 
indefinitely. It is necessary to devise a mechanism which will enable old studies (for 
instance, more than four year old ) to be restored in low-cost storage systems 
(DLT.DDS4, etc.). 

With regard to the results of the clinical study, the findings serve to state that the 
distribution of hydrosoluble contrast media such as Iohexol, in neck and head 
carcinomas is different among tumours. And this heterogeneity may have a 
pathological basis. 

5 Conclusions 
Image diagnosis researchers will have the chance to access clinical studies from any 
computer linked to the Internet. This opens the field of medical studies, which require 
the use of clinical series with a huge number of cases. It is possible to create clinical 
series among several centres by means of Information Systems such as the one 
introduced in the present paper, series which can be analysed by different doctors in a 
simple manner. 
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According to the requirements of the Spanish legislation, certain security levels 
for information access have been implemented, together with a communication 
protocol, which guarantees the safe transmission of data[l l][12]. 

This system is user-friendly and has a low cost, while DICOM modalities are 
automatically acquired. Freeware tools are used, with a widespread Internet use and a 
great number of servers. 
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Abstract. The cells that are considered in this application for an
automated image analysis are Hep-2 cells which are used for the
identification of antinuclear autoantibodies (ANA). Hep-2 cells allow
for recognition of over 30 different nuclear and cytoplasmic patterns,
which are given by upwards of 100 different autoantibodies. The
identification of the patterns has recently been done manually by a
human inspecting the slides with a microscope. In this paper we present
results on image analysis, feature extraction, and classification. Starting
from a knowledge acquisition process with a human operator, we
developed an image analysis and feature extraction algorithm. A data
set containing 162 features for each entry was set up and given to a data
mining algorithm to find out the relevant features among this large
feature set and to construct the classification knowledge. The classifier
was evaluated by cross validation. The results show the feasibility of an
automated inspection system.

1 Introduction

In this paper, we present results on the analysis and classification of cells using image
analysis and data mining techniques. The kinds of cells that are considered in this
application are Hep-2 cells, which are used for the identification of antinuclear
autoantibodies (ANA). ANA testing for the assessment of systemic and organ specific
autoimmune disease has increased progressively since immunofluorescence
techniques were first used to demonstrate antinuclear antibodies in 1957. Hep-2 cells
allow for recognition of over 30 different nuclear and cytoplasmic patterns, which are
given by upwards of 100 different autoantibodies.

The identification of the patterns has up to now been done manually by a human
inspecting the slides with the help of a microscope. The lacking automation of this
technique has resulted in the development of alternative techniques based on chemical
reactions, which have not the discrimination power of the ANA testing. An automatic
system would pave the way for a wider use of ANA testing.

We present our results on image analysis, feature extraction, and classification
based on images that were taken by an digital image acquisition unit under real
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clinical conditions (see Sect. 2). Starting from a knowledge-acquisition process with a
human operator (see Sect. 3), we developed an image analysis and a feature extraction
algorithm, described in Sect. 4 and Sect. 5. A data set containing 162 features for each
entry was set up and given to our data mining tool to find out the relevant features
among this large feature set and to construct the structure of the classifier, see Sect. 6.
The classifier was evaluated by cross validation. The results show the feasibility of an
automatic inspection system (see Sect. 7).

2 Image Acquisition

The images were taken by a digital image-acquisition unit consisting of a microscope
AXIOSKOP 2 from Carl Zeiss Jena, coupled with a color CCD camera Polariod
DPC [1]. The digitized image were of 8-bit photometric resolution for each color
chanel with a per pixel spatial resolution of 0.25 µm. Each image was stored as a
color image on the hard disk of the PC. Form there it was accessed for further
calculation.

3 Knowledge Acquisition
For our experiment we used fluorescence images from six different classes (see
Fig. 1).

In a knowledge-acquisition process [2] with a human operator, using an interview
technique and a repertory grid method, we acquired the knowledge of this operator,
while classifying the different cell types. Some of this knowledge is shown in table 1.
The symbolic terms show that a mixture of different image information is necessary
for classification. The operator uses the color intensity as well as some texture
information. In addition, the appearance of the cell parts within the cells are of
importance, like �dark nuclei�, which also requires spatial information.

We started out to develop the image analysis procedure and constructed a feature
set, which seems to be powerful enough to describe this symbolic knowledge. It is left
to the data mining experiment to find out the relevant features for classification and to
show us gaps in our description of the domain.

Table 1. Some knowledge about the class description given by a human operator

Class ClassName Description
Homogeneous
nuclei
fluorescence

Class_1 Smooth and uniform fluorescence of the nuclei.
Nuclei appear sometimes dark.
The chromosome fluorescence is weak up to very
intense

Fine speckled
nuclei
fluorescence

Class_2 Dense fine speckled fluorescence

... ... ...
Nuclei
fluorescence

Class_6 Nuclei are weakly homogenous or fine grained and
can be hardly discerned from the background
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4 Image Analysis

The color image has been transformed into a gray level image. Automatic
thresholding has been performed by the algorithm of Otsu [3]. The algorithm can
localize the cells with their cytoplasmatic structure very well, but not the nuclear
envelope itself. We then applied morphological filters like dilation and erosion to the
image in order to get a binary mask for cutting out the cells from the image. Since
there are only cells of one type in an image, overlapping cells have not been
considered for further analysis.

Fig. 1. Examples of Cell Images for 10 different Classes

The gray levels ranging from 0 to 255 are quantized into 18 intervals t. Each
subimage f(x,y) containing only a cell gets classified according to the gray level into t
classes, with t={0,1,2,..,18}. For each class a binary image is calculated containing
the value �1� for pixels with a gray level value falling into the gray level interval of
class t and value �0� for all other pixels. The quantization of the grey level into 18
intervals was done based on a logarithmic characteristic curve. We call the image
f(x,y,t) in the following class image. Object labeling is done in the class images with
the contour following method [4]. Then features from these objects are calculated for
classification.

5 Feature Extraction

For the objects in each class image features are calculated for classification. The first
one is a simple Boolean feature which expresses the occurrence or none occurrence of
objects in the class image. Then the number of objects in the class image is calculated.
From the objects the area, a shape factor, and the length of the contour are calculated.
However, not a single feature of each object is taken for classification, but a mean
value for each feature is calculated over all the objects in the class image. This is done
in order to reduce the dimension of the feature vector. We also calculate the frequency
of the object size in each class image. The list of features and their calculation is
shown in table 2.
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Table 2. List of Features and their Calculation

Description Name Type Formula
Object occurred in class
image t

Gray_t boolean yes or no

Number of objects in
class image t

Count_t numerical n(t)

Mean area of objects in
class image t

Area_t numerical
)(

)(
1)(

)(

1

tA
tn

tA
tn

i
i∑

=

=

Relative mean area of
objects in class image t to
area of cell

Rarea_t numerical

cellA
tAtRA )()( =

Mean shape factor for
objects in class image t

Form_t numerical
∑

=
⋅=

)(

1 )(
)(

10
)(

1)(
tn

i i

i

tu
tA

tn
tF

with ui(t)) contour being
the length of the i-th
object in class image t.

The contour length of a single object is mlu ⋅+= 2  with l being the number
of contour pixels having odd chain coding numbers and m being the number of
contour pixels having even chain coding numbers.
Mean contour lenght of
objects in class image t

Length_t numerical
)(

)(
1)(

)(

1

tu
tn

tu
tn

i
i∑

=

=

6 Learning of Classifier Knowledge

For each of the six classes, we had 19 data sets; each data set contained 162 features,
obtained from each of the eigthteen class images. The whole data set has 105 samples.
Based on that data set we acquired the knowledge for classification. We used a binary
[5] and n-ary decision tree induction algorithm [6] realized in our data mining tool
DECISIONMASTER [7]. The n-ary decision tree can split up a numerical feature into
more than two intervals which leads sometimes to a better performance than the one
of a binary decision tree. The learning algorithm selects from the data set the most
promising features and constructs the structure of the classifier during the learning
phase. The resulting decision tree is shown in Fig. 2. The true error rate was estimated
by cross validation  [8], which works properly on small sample sets. The error rate for
both classifier is shown in table 3. The unpruned binary decision tree shows the best
result.

Table 3. Error Rate for the Classifier estimated with Cross Validation

Method Unpruned Tree Pruned Tree
Binary Tree Induction 13.33 % 15.24 %
N-Ary Tree Induction 20.00 % 20.00 %
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---
105 DS

COUNT_1

<=701
70 DS

COUNT_3

<=174.5
22 DS

RAREA_3

<=2.53899e+06
5 DS

MOCT_0

<=27.5
2 DS

??? [     320000]

>27.5
3 DS

[     320000]

>2.53899e+06
17 DS

[     500000]

>174.5
48 DS

LOCT_0

<=16.5
34 DS

FORM_0

<=2.55255e+06
19 DS

COUNT_0

<=503
17 DS

[     320200]

>503
2 DS

[     100000]

>2.55255e+06
15 DS

[     100000]

>16.5
14 DS

RAREA_0

<=5.21348e+06
12 DS

[     320000]

>5.21348e+06
2 DS

??? [     320000]

>701
35 DS

RAREA_0

<=4.29517e+06
16 DS

FORM_0

<=2.5595e+06
14 DS

[     100320]

>2.5595e+06
2 DS

??? [     100320]

>4.29517e+06
19 DS

[     200000]

Fig. 2. Resulting Decision Tree

7 Results and Discussion

The learning algorithm only recognizes 10 features as relevant features. The most
discriminating feature is the feature count_1, which means that there occur or do not
occur objects in the class image one. This goes conform to what we can see in the
class images for all cell types. There are classes having lighter objects within the cell
and there are other classes having darker objects within the cell. The next important
feature is the number of objects in class three and the relative area of objects in
class_0, which can also be confirmed by looking at the class images.

The error rate of 13.33 % is a very good result. For the type of application
presented in this paper there has not existed any automated feature extraction and
classification system up to now.

Recently, we are collecting more samples for all classes as soon as the class
occurred in practice. Beyond that we want to improve the accuracy of the system by
defining new features and incorporating these features in our data mining experiment.

8 Conclusions

In this paper, we have shown the feasibility of an automatic system for Hep-2 cell
analysis and classification. The classification problem is a multi-class problem. In our
application 6 classes have to be distinguished. We developed an image analysis and a
feature extraction algorithm, which classifies the subimage containing only the cells
into 18 class images and calculates from each class image features for classification.
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The resulting data set has 162 features for each entry. Based on this data set, it is
possible to obtain the relevant features with data mining techniques. Only 10 features
are necessary in order to classify nine classes with an accuracy of 86,67%. We
evaluated our result with cross validation. We have shown that data mining
techniques are powerful techniques for determining the relevant features as well as
the classifier structure. Furthermore, they can work on small data sets.

Further work will be done to improve the classification accuracy. Therefore, we
will develop new features that can better describe the basic properties of the different
classes.
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Abstract. The paper presents algorithms of the multitask recognition
for the decomposed dependent approach. First one, with full
probabilistic information and second one, algorithms with learning
sequence. We have focused our attention on the multitask recognition
technique and its application to the computer aided diagnostic and
therapeutic decision in non-Hodgkin lymphoma disease. Adequate
computer system was projected. This system has been practically
implemented in Department of Hematology if Wroclaw Medical
Academy in Poland.

1 Introduction
The classical pattern recognition problem is concerned with the assignment of a given
pattern to one and only one class from a given set of classes. Multitask classification
problem refers to a situation in which an object undergoes several classification tasks.
Each task denotes recognition from a different point of view and with respect to
different set of classes. For example, such a situation is typical for compound medical
decision problems where the first classification denotes the answer to the question
about the kind of disease, the next task states recognition of the stadium of disease,
the third one determines the kind of therapy, etc.

In the present paper we have focused our attention on the concept of multitask
classification and application this technique to the decision making in medicine.

2 Multitask Recognition: Full Probabilistic Information
Let us consider N-task recognition problem. We shall assume that the vector of
features xk∈Xk and the class number jk∈Mk for the k-th recognition task of the
pattern being recognized are observed values of random variables xk and jk,
respectively [5]. When a priori probabilities of the whole random vector
j=(j1,j2,...,jN) denote as  P(j=j)=p(j)=p(j1,j2,..jN) and class-conditional probability
density functions of x=(x1,,x2,...,xN) denote as f(x1,x2,..xN/j1,j2,..,jN) are known then
we can derive the optimal Bayes recognition algorithm minimizing the risk function
[3], [4]:
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R = E L(i, j) (1)

i.e. expected value of the loss incurred if a pattern from the classes j=(j1,j2,...,jN) is
assigned to the classes i=(i1,i2,...,iN).

In the case of multitask classification, we can define the action of recognizer which
leads to so-called decomposed dependent approach. [1].

In this instance, an object is classified in a successive manner for particular
recognition tasks and now the decision algorithm Ψk for the k-th classification uses
not only features xk but also additionally the results of former classifications, that is:

ΨΨΨΨk : Xk ×M1 ×M2 ×Mk-1⇒  Mk. (2)

This concept denotes the decomposition of the whole problem, but now the
successive classification tasks are mutually dependent and fully describe real
situations occurring in the computer-aided medical diagnosis tasks (Fig. 1.).
Minimization of the risk function R with loss function:

L [( i1, i2,..iN ),( j1, j2,..jN )] = n (3)

leads to the following  optimal algorithm for k-th task (using the dynamic
programming method):

kkkk iiiix =Ψ − ),..,,( 121
* (4)
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where:

p(ik/xk,i1,i2,..,ik-1) - denotes aposteriori probability

ncP (i1, i2,...,ik)- denotes average probability of correct classification in n-th
recognition task for decisions i1,i2,..ik.
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Fig. 1. Block scheme of the multitask decomposed dependent pattern recognition algorithm

Let us assume that decisions for first (n-1) tasks are correct. In this case, we
can determine aposteriori probability, like below:

p(ik/xk,i1,i2,..,ik-1) = 
)1,...1()1,...1/(

),...,1(),1,...,2,1/(

−−
−
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Therefore, beginning at the end, recognition algorithms for all tasks are
calculated after a following order:

*
1

*
2...*

1
*

21
Ψ⇒⇒Ψ⇒⇒⇒−Ψ⇒⇒Ψ

− cPcPNcPN NN (7)



228      Edward Puchala and Marek Kurzynski

3 Multitask Recognition with Learning

In the real world there is often a lack of exact knowledge of a priori probabilities and
class-conditional probability density functions. For instance, there are situations in
which only a learning sequence:

SL = ( x1, j1 ), ( x2, j2 ),...,( xL ,jL ) (8)

where:

xk=(x1k,...,xNk)∈X, jk=(j1k,...,jNk)∈M (9)

as a set of correctly classified samples, is known.
In this case we can use the algorithms known for conventional pattern recognition,

but now algorithm must be formulated in the version corresponding to above
concepts. As an example let us consider nearest neighbour (NN) recognition
algorithm for decomposed dependent approach, which is presented below.

Decomposed dependent multitask NN algorithm (for the
k-th task):

Notation: i1,i2,...,ik-1 - results of recognition for
the first (k-1) tasks

1.Measure features xk of the pattern to be recognized,

2.Find the nearest neighbour (in the space Xk ) to xk
from among learning patterns for which jn consists at
the first (k-1) positions the sequence (i1,i2,...,ik-1)

(let say xk
m),

3.Assign the recognized pattern into the class jk
m.

The superiority the decomposed dependent NN algorithm over the classical pattern
recognition one demonstrates the effectiveness of this concept in such multitask
classification problems for which the decomposition is necessary from the functional
or computational point of view (e.g. in medical diagnosis)

4 Decision Problem in Non-Hodkin Lymphoma

Above we have discussed the concepts of multitask classification. Now the
application of this technique in medical diagnosis problem will be presented.
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The non-Hodgkin lymphoma is a common dilemma in hematology practice. It
provides a physician with many difficult decision problems. For this medical problem
we can utilise the decompose dependent approach of multitask classification ( this is
caused by the structure of the decision process), which leads to the following scheme.

In the first task of recognition, using the algorithm Ψ1(x1), we arrive at a decision
i1∈M1 = {1,2,3,4,5} about the lymphoma type. i1=1 means that the degree of
lymphoma malignancy is small; i1=2 - the degree of malignancy is moderate; i1=3 -
there is a highly malignant immunoblastic lymphoma; i1=4- the lymphoma is
lymphoblastic of high degree of malignancy; and i1=5 denotes a Burkitt-type
lymphoma. The features x are results of cytological examinations of cells as well as
results of examinations of lymphoma structure (e.g. diffuse, nodulous).

After the type of lymphoma has been determined, it is essential for diagnosis and
therapy to recognize its stage. To that end we use the algorithm Ψ2(i1,x2)=i2. The
values of decision i2 denote the first, the second, the third and the fourth stage of
lymphoma development, respectively. The vector of features x2 has components that
determine the degree to which particular nodes, tissues, and organs are affected. Apart
from that, each stage of lymphoma may assume two forms. Which of such forms
occurs is determined by the algorithm Ψ3=i3, where M3={1,2}. If i3=1, then
lymphoma assumes the form A (there are no additional symptoms). For i3=2,
lymphoma takes on form B (there are other symptoms, as well).

Decisions i1, i2, and i3 are arguments for the algorithm Ψ4=i4 which determines
therapy, that is one of the known schemes of treatment (e.g. CHOP, BCVP, COMBA,
MEVA, COP-BLAM-I). A therapy (scheme of treatment) cannot be used in its
original form in every case. Because of the side effects of cytostatic treatment it is
necessary to modify such a scheme. Decision about modification is taken by the last
algorithm Ψ5=i5, M5={1,2,3,4,5}. If i5=1, the scheme remains unchanged, if i5=2,
75 percent of the cytostatic dose recommended in the scheme is administered; if i5=3
- 50 percent; if i5=4 - 25 percent and if i5=5, the chemotherapy is stopped. The
features of the vector x5 determine whether the side effects occur or not. As
algorithms Ψ1 - Ψ5 MC rules in the decomposed dependent form with Parzen
estimator [2] were used.
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Abstract. A file of episodes stores data about the patients that are ad-
mitted to a hospital. This structure can be analyzed to obtain clinical,
supervision and normative knowledge about the hospital functioning.
HISYS1 is a system that integrates graphical and artificial intelligence
techniques to automatically generate hospital decision support systems
that organize and use the above knowledge to predict the evolution of
the new patients. The system has been proved with the patients of the
Hospital Joan XXIII in Tarragona (Spain) for six diagnoses.

1 Introduction

Hospitals are complex systems where patients, physicians, hospital managers, and
public health-care administrations interact1. The well functioning of a hospital de-
pends not only on the health aspects as instruments, activity protocols (treatments and
tests), etc., but also on the structural organization as the hospital budget, resource
optimization (number of beds and available operating theaters), etc.

Whereas patients and physicians are concerned about the best medical care, man-
agers and public administrations go after the cost reduction, mainly. These two points
of view give rise to faced up decisions as whether an expensive drug must be pre-
scribed or whether a medical test must be done or not. Therefore, many hospital deci-
sions are a trade off between excellence and cost.

The application of computer-based intelligent data analysis to the personal, clinical,
and logistic data that the Hospital Administration Departments store about the admit-
ted patients can be used to discover knowledge that could be useful to physicians
(clinical knowledge), managers (supervision knowledge), and public administration
(normative knowledge).

In the next sections we describe the sort of data that we want to study, the sort of
knowledge that we can discover, the tool used to analyze the data, the tests performed
on the  Hospital Joan XXIII in Tarragona (Spain), and some conclusions and future
work.
                                                          
1 Private companies that supply outsourcing services and product dealers are not considered

here.
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2 The File of Episodes

An episode is described as the structure that contains all the new data introduced be-
tween the moment that a patient arrives to a hospital department and the moment that
the patient leaves it. According to the attention received, hospitals have three access
types: external consulting, emergencies and hospitalization.

In external consulting (EC) the family doctor sends a patient to the hospital with a
particular request for an expert call. When the request arrives to the hospital it is given
a date and an hour for the first call (examination call) and a patient episode is opened.
After the first EC call, some other complementary calls and tests can follow in order to
confirm or to determine the patient diagnosis and to have a medical treatment. Each
EC call is related to an episode line in which some basic data are stored (episode
number, date, sort of call -first or second-, test performed, etc.).

In emergencies (ER) the process is simpler because it only involves one patient call
with the related tests and medication. Emergency inputs conclude with the patient
admission or discharge. ER episodes are single lines containing information about the
episode number, arriving date and time, moment of the first contact with a practitio-
ner, input time in boxes, input reason and origin, input and output diagnoses, sort of
output (hospitalization, home, exitus, transfer, etc.), and output time.

Finally, hospitalizations (H) include programmed admissions (surgical operations)
and ER transfers of seriously ill patients. When a patient is admitted in a hospital he is
given an episode number and he is inscribed into one of the hospital departments.
Complex treatments that involve several hospital departments are represented as a
temporal sequence of H episodes. Each episode contains information about the epi-
sode number, the department, the physician, the primary diagnosis and procedure, the
secondary diagnoses and procedures, the date and the time of the patient input and
output, the discharge reason, the related costs, etc. All this information is stored in a
file of episodes which can be used to learn and predict the evolution of the patients in
the hospital: average stay and cost in a department, sort of patients arriving to and
leaving from a department, analysis and comparison of hospital protocols, etc.

In this work we extend the file of episodes with data about hospitalized patients:
personal data (age, sex, address, telephone number, bank account, etc.), clinical data
(case history, test results, daily evolution parameters, etc.), actuation data (procedures
applied, medicines provided, costs, etc.) and logistic data (bed number, hosting de-
partment, involved physicians, etc.). These episodes describe the clinical activities of
the hospital in a period of time, and it can be a source of  knowledge about the hospi-
talization protocols, costs and effectiveness.

3 The Knowledge Learned

The file of episodes represents all the patient evolutions and, therefore, the internal
behavior of the hospital in a period of time. An intelligent analysis of these files can
find some knowledge about the hospital and staff activities. Table 1 displays the kind
of new knowledge grouped in clinical knowledge (useful to physicians and nurses),



The Analysis of Hospital Episodes      233

supervision knowledge (useful to the hospital managers and administration) and nor-
mative knowledge (useful to the public administrations and politicians).

Table 1. Knowledge elicitation from a file of episodes

Clinical Knowledge to
analyze the patient behaviors for specific pathologies.
use the acquired experience to predict patient evolutions and risk
situations.
aid in the education and training of inexperienced physicians.
study and compare population groups in time.

Supervision Knowledge to
analyze the hospital behavior.
compare the techniques used by different physicians and their ef-
ficiency.
compare the real costs by procedure with the established theo-
retical costs.
detect economic deviations and their possible causes.
organize more efficiently the logistic and human resources.

Normative Knowledge to
compare the techniques used by different hospitals and their effi-
ciency.
determine the hospital specialization.
control the activity and functioning of different hospitals.
finance hospitals according to their real situation.

In order to achieve all these goals several data mining techniques have been devel-
oped and integrated within an intelligent analysis tool called HISYS1.

4 The Analysis Tool

HISYS1 [5] is a tool that combines the static and the dynamic data about the patients
that are admitted to a hospital. The patient transitions are represented as a path in a
flowchart where nodes represent admissions, hospital services and discharge reasons,
and arrows represent single transitions within the hospital departments. Each node
stores accumulated information about the number of patients visiting the node, the
number of days, cost of all the stays, and the sets of secondary diagnoses, procedures
and physicians involved. Each arrow stores the detailed information of the patients
that have passed through it: admission number, sex, age, ZIP code, cost, physician in
charge, number of days, and the sets of secondary diagnoses and procedures.

HISYS1 uses the data stored in the arcs of the flowchart to obtain knowledge about
the hospital functioning. For each non terminal node of the graph with more than one
outgoing arc a rule set is generated that distinguishes between the patients that leave
the node following different arcs.
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There are two main representations of symbolic knowledge: decision trees [2] and
production rules [4]. CN2 [1] is an inductive learning program that makes IF-THEN
rules to classify elements. This program has been integrated with HISYS1 to construct
rules that predict the behavior of the patients at the nodes of the graph [3].

The rules obtained by HISYS1 are integrated in a knowledge-based system. See
figure 1. There we can distinguish in vertical lanes the primary diagnoses that we want
the system to predict. For each lane, there is a set of rules describing each one of the
hospital departments involved in the treatment of the diagnosis. This organization of
the rules describes a decision support system (DSS) that HISYS1 generates automati-
cally for the primary diagnoses that the user indicates. When a DSS is active, HISYS1
is able to predict the behavior of new patients by means of a �question & answer�
interface. It is possible to generate several DSS and store them separately.

Fig. 1. Knowledge-based prediction tool

5 Tests and Results

Some of the uses of HISYS1 to achieve the goals in table 1 have been tested by the
staff of the Hospital Joan XXIII in Tarragona (Spain). HISYS1 was applied to a set of
six diagnoses: appendicitis (Cod. 540.9), acute bronchiolitis (Cod. 466.11), urethral
lithiasis (Cod. 578.9), digestive hemorrhage (Cod. 592.1), chronic obstructive bron-
chitis or COB (Cod. 491.21), and cardiac insufficiency (Cod. 428.0). For each diagno-
sis, we have studied the patients in 1998 and 1999. Figure 2 shows the flowcharts of
the six diagnoses for the patients in 1999.

There were 23,158 episodes in 1998 and 18,787 episodes in 1999, from which we
selected those related to the above six diagnoses. Table 2 shows the number of epi-
sodes and patients, for each particular diagnosis. The episodes were taken from the
hospital databases in 1998 and 1999 and they contained quantitative and qualitative
data: admission number, sex, age, ZIP code, primary and secondary diagnoses, pri-
mary and secondary procedures, physicians, costs, and number of days. There were
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not missing or noise data and only a simple pretreatment of the data was required: due
to the hospital functioning, secondary diagnoses and procedures are introduced in the
last episode, when the patients are discharged. Since this is an important information,
we extended them to all the episodes of the patient admission for HISYS1 to be able
to generate knowledge about the secondary diagnoses and procedures.

        

Fig. 2. Flowcharts for six primary diagnoses in 1999

Moreover, two DSS were made. The first one was trained with patients in 1998 and
tested with patients in 1999, and the second one the opposite. The predictive accuracy,
defined as the proportion of rule hits, was studied separately for the hospital services
as tables 3 and 4 show. Empty dark spaces represent departments that do not attend
the respective primary diagnosis.
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Table 2. Accuracy of the prediction in 1998

Department 540.9 466.11 570.9 592.1 491.21 428.0
Pediatric Unit 100.0% 91.7%
Surgery 98.0% 96.0%
Pediatric Surgery 100.0%
ER observation 100.0% 66.7%
Urology 98.8%
Internal Medicine 89.1% 75.0%
Intensive Medicine 50.0%
Cardiology 87.5%

Table 3. Accuracy of the prediction in 1999

Department 540.9 466.11 570.9 592.1 491.21 428.0
Pediatric Unit 100.0% 100.0%
Surgery 98.8% 92.1%
Pediatric Surgery 100.0%
ER observation 100.0% 67.9%
Urology 99.0%
Internal Medicine 89.5% 78.9%
Intensive Medicine 35.5%
Cardiology 70.6%

Tables show that there are many predictions with accuracy above 90%. Cardiac in-
sufficiency (428.0)is an exception, that physicians attribute to the difference in the
number of patients (102 in 1998 and 35 in 1999) and also to a change in the treatment
protocol that the flowchart reflects as a variation in the proportion of patients in the
cardiac insufficiency circuits. An extreme case is the DSS accuracy of Intensive Medi-
cine. This has passed from an average patient stay of 8.3 days to 3.35 days. Physicians
argued that there was an economic reason that makes them to change the transfer crite-
rion. That explains the low prediction of the rules in this case.

6 Conclusions and Future Work

HISYS1 have been proved to be an efficient tool to generate clinical, supervision, and
normative knowledge within a hospital framework that can be used to analyze the data
of the patients that are admitted to a hospital. The tool is currently being working in
the Pediatric Unity of the Hospital Joan XXIII in Tarragona (Spain) where there are
several physicians testing and proposing modifications and extensions to the system.
The authors are also working to increase the cost analysis functions of HISYS1 and
also to incorporate alternative efficiency measures that could help physicians, hospital
managers and public health-care organizations to detect anomalies in the hospital daily
clinical practice. The work has been partially supported by the Agència d�Avaluació
de Tecnologia Mèdica (AATM).
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Abstract. This article focuses on results obtained from a hierarchical
classification applied to a repeated short time series data in a medical
ill-structured domain. The analyzed information is relative to patients
–with major depressive disorders or schizophrenia– under ECT treat-
ment; as a consequence, this information contains data corresponding to
measures taken at different time, throughout a 24-hour period after an
electroshock application to the patient. . . .

Keywords: Classification, Short Series, Curve Analysis, ill-structured
domains.

1 Introduction

A great quantity of medical information is obtained from domains without struc-
ture and when we need to make a decision about what is good knowledge and
what is not is a very difficult problem. These kind of domains are named by [2] as
ill-structured domains. Some of their features are : heterogeneous data, additional
knowledge of the domain, and partial and non-homogeneous knowledge.

In the data of our case study it is possible to find features of ill-structured
domains (mentioned above) and others, such as time series. Then, finding the
way to handle them, extract useful information from them, and find profiles in
this kind of data is our goal.

The structure of the paper is as follows: Firstly, a very brief summary of
Electro-Convulsive Therapy is introduced in section 2 where its effects are also
described. Section 3 describes the data used in the analysis. In section 4 we
present the problem description and main goals. In section 5 we show the clas-
sification results of baseline data and give some observations about resultant
classes. In section 6 we present the results obtained from applying the classifi-
cation based on rules to a modified dataset. In addition, we present the classi-
fication results and give some observations about resultant classes. Finally, in
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section 7 we draw conclusions about analysis results and point to various direc-
tions for future work.

2 Application Domain

An interesting psychiatric study field corresponds to therapies for depressive
disorders or schizophrenia. The “Electro-Convulsive Therapy” (ECT) is a safe,
effective, fast, valuable and widely used treatment for serious depressive illnesses
and other psychiatric disorders [4]. ECT is based on electroshocks. An elec-
troshock is an electrical current through the brain in order to induce seizures
(convulsions) and improve the psychiatric condition. ECT is a moderately com-
plex procedure where an adequate seizure is necessary for therapeutical response;
yet the brain biological events related to its efficacy are still unknown.

The neuropsychological effects of ECT are cognitive changes involving orien-
tation, attention and calculation, memory loss, and recall (see [1]).

Many works have studied the physiological response of ECT through heart
rate, blood pressure, electrocardiogram effects, cardiac enzymes, electroen-
cephalogram effects or hormonal response. However, at the moment, a formalized
technique applied to this therapy does not exist and there are a few works done
about the neuropsychological effects of ECT on psychophysiological parameters
such as reaction times (RT). We are trying to study the effects of ECT applica-
tion to both visual and audible reaction times and if there exists a formal profile
from reaction times, we want to know what kind of variables have a direct in-
fluence on cognitive patient’s state to formalize a general analysis methodology
for this kind of domains.

3 Data Description

In this study, 13 patients with major depressive disorders or schizophrenia and
under ECT treatment are monitorized. The present standard practice optimizes
the therapeutic ratio, in selecting electrical stimulus parameters such as: energy
level, stimulus duration, pulse width and pulse frequency. In addition, multiple
responses from patient are monitorized by ElectroEncephaloGram (EEG), Elec-
troCardioGram (ECG), and ElectroMioGram (EMG). We also try to make a
rigorous evaluation of patient’s neuropsychological effects.

The evaluation of psychophysiological variables was done with Vienna Reac-
tion Unit at 2, 4, 6, 12, and 24 hours after every ES application.

The Vienna Reaction Unit is a visual and audible stimulus unit. Four tests
were carried out: Simple Visual (S5), Simple Audible (S6), Complex Visual
(S7), and Complex Visual-Audible (S8). The following measures were registered:
wrong decisions, wrong reactions, no reactions, incorrect reactions, right reac-
tions, decision times, reaction times, and motor times. Besides that, there is
additional information about each patient such as: age, weight, education, blood
and urine analysis, VIENNA protocol baseline results, electroencephalograms,
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electrocardiograms, and electromiograms. For more details about vienna unit,
tests, measures, datasets and others see [5] and [3].

4 Problem Description and Goals

There are different levels of drawbacks due to the particular data structure.
Firstly, we have a representation problem.

Fig. 1. Curves of Test S5 from 1st patient

Figure 1 shows lines joining the simple visual test (S5) reaction times mea-
sured at 2, 4, 6, 12 and 24 hours after an ES applied to the 1st patient. This
patient receives an ECT of 6 electroshocks and each bend represent his/her
reaction-time evolution.

Fig. 2. Curves of Test S5 from 4th patient

Figure 2 shows the 4th patient ECT evolution for the simple visual test (S5)
reaction times. The patient receives an ECT of 5 electroshocks.

As we could observe in these figures, to obtain a unique prototype curve from
mean reaction times (thick line) as a representation of patient’s evolution is a
non optimal process; however, this mean could give us an idea of a generalized
patient’s evolution trend.

Due to the fact that there is not an standard about the quantity of ES
application to a patient, the patients’ information reduction is not possible.
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Then, we must have all the curves of all the patients and take into account this
factor for the analysis.

The objective of this work is finding useful information to discover features of
possible patient’s profiles under ECT treatment using data mining techniques,
even this non optimal process.

In this fashion, and interesting challenge consist in finding a methodology to
obtain a efficient process for handle this kind of data.

5 Classification of Baseline Reaction Times

A hierarchical method was used to classify the patients considering their base-
line reaction times, because these times represent the patients’ initial condition
test set (the method was exactly a reciprocal neighbors hierarchical method
with Ward’s criterion of aggregation and euclidean distances between patients).
Next, we search for relevant features from each group that allow us to obtain
understandable logic rules.

The classification technique suggested the existence of three different groups
of patients according to their baseline reaction times. Figure 3 shows the hi-
erarchical organization of patients following the clustering process, where the
vertical cut indicates which patients are included in each group, in figure 4 the
general tendency of basal curves of each group is shown. This clearly indicates
different initial conditions of the patients. By studying the distribution of the
other variables locally to each class, it is remarkable the behaviour of Age, which
is shown in figure 5. Where young patients are in A class (1), with baseline reac-
tion times lower than B class (2), mature patients. C class (3) has only the 4th
patient.
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Fig. 3. A general tree from Baseline Classification

The expert considers omit 4th patient after he analyzed his/her singular
behaviour. Therefore, taking this observation into consideration, we conclude
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Fig. 4. 3 classes curves for tests S5 to S8

Fig. 5. Multiple Boxplot of Age

that there are 2 groups of patients described by young patients and mature
patients. Then we obtained 2 simple rules, that make a clear description of A
and B groups: 1. If AGE ≤ 40 → young and, 2. If AGE > 50 → mature.

From this result, we decided to include this information for posterior analysis,
performing separate processes for young and mature patients.

6 Analysis of Electroshocks Effects

The analysis of the effect of the ECT should be analyzed through the comparison
on the reaction times of each patient before and after a given ECT. So, a new
database was built containing the differences on the reaction times of a given
before and after each ES hour to hour. This data is measuring the effect of
the ES by itself independently of the characteristics of the patient. This new
data is only taking into account the improvement or worsening of the reaction
time due to one ES with respect to what was happening before that ES. This
data is bad conditioned for applying classical statistical hypothesis tests. An
interesting proposal to overcome its limitations is Classification Based on Rules
technique [2] so, it was used for classifying the “effects” of each ECT on reaction
times. Basically, local clustering processes were performed for young patient’s
ECT and also for mature patient’s ones. Finally both hierarchies are integrated
together and a single partition of the ES was found (see Fig. 6).
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Fig. 6. A general tree from Classification

The analysis suggests four classes, whose general tendency on reaction times
is represented in figure 7.

Fig. 7. 4 classes curves for tests S5 to S8

In figure 7 we can see that Classes B and C the effect of every electroshock
is increasing the reactions times. That is why the differences between posterior
and previous are positive, and this means that the reaction times are greater
after the electroshock than before; as a result the patients in these classes have
a deterioration trend. On the other hand, in Classes A and D, we found that
reaction times decrease and differences between after and before are negative;
then the patients in these classes have a positive trend.

7 Conclusion and Future Work

Some interesting conclusions can be established: 1. Two rules were derived and
the groups of young and mature patients are delimited by them. 2. A Classifica-
tion Based on Rules method was applied, using as Knowledge-Base the 2 rules
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obtained. We used the differences between RT because they measure the effect
of the electroshock by itself independently of the characteristics of the patient.
Four classes into 2 groups of patients (young and mature) were detected, the
patients with deterioration or positive trend.

As a future work, it is interesting to see the kind of relation between others
patients variables and the last classification. The next step will be the search for
a standard methodology that can be applied on this kind of data.
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Abstract. Intravascular ultrasound images (IVUS) have allowed deep-
ening in the knowledge of the true extension of the coronary vessel illness.
Today, vessel diagnosis is limited to observation and measurements in the
IVUS planes. For a bigger accuracy, 3D visualization is necessary to allow
estimating the extension, localization and severity of the pathology. We
develop tools for interactive 3D visualization to extend the views to any
sailing angle through the cube of IVUS data. As a result, physicians are
allowed to inspect and get 3D measurements about the vessel pathology
from IVUS images.

1 Introduction

IVUS provide a unique 2D in vivo vision of the internal vessel walls, deter-
mining the extension, distribution and treatment of the atherosclerotic, �brotic
plaques and thrombus, and their possible repercussion on the internal arterial
lumen. The main di�erence between the ultrasound and the angiography images
(�gure 1), as the most used image modalities for vessel diagnosis, deals with
the fact that the most of the visible plaque lesions with IVUS are not evident
with angiogram. Studies on intravascular ecography have shown that the refer-
ence vessel segment has the 35-40% of its sectional area occluded because of the
plaque, although it appears as normal in the angiography Moreover, IVUS o�er
information about the composition of the internal lesion; in particular, about
calcium deposits as the most important isolated predictors to evaluate if a par-
ticular lesion will respond to a catheter treatment. The possibility of visualizing
directly the plaque by IVUS also bene�ts the receptors of a heart transplant;
the IVUS have demonstrated that the 25% of the hearts to be transplanted are
already ill.

IVUS are of particular interest in case of vessel therapy by stents. Intracoro-
nary stent is a spiral metallic mesh that is implanted inside a vessel to save the
stenosis e�ect (�gure 1(b)) caused by a calci�cation or a grown of the intimal
vessel layer. This mesh widens the vessel walls, recovering the necessary lumen
for a good irrigation. The studies about stents carried out with IVUS show that
the appearance in the angiography of a good stent deployment can hide two
possible problems: the incomplete apposition (a portion of the stent is not mak-
ing pressure on the vessel wall) and the incomplete expansion (a portion of the
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stent remains closed although the expansion of the rest of the stent areas). Both
problems are very signi�cant since they can be worse than the problem they are
trying to solve.

(a) (b)

Fig. 1. (a) IVUS image (reprint). (b) Angiography of a vessel with stenosis.

One of the problems of dealing with IVUS is the fact that the images repre-
sent a 2D plane perpendicular to the catheter without any depth information.
This IVUS property hides the real disease's extension and represents a very un-
natural way of conceptualization. The foremost limitation of IVUS on the pre-
and post-treatment studies is the lesion images correlation in the serial stud-
ies. This limitation is due to the lack of the third dimension that gives much
more global information about the internal and external vessel structure [1].
The third dimension allows a better knowledge of the vessel, the lumen and the
plaque, visualizing simultaneously multiple sections of the vessel and obtaining
a longitudinal perspective [5, 6]. The vessel can be later studied under multiple
formats and di�erent cut axes to interpret, in the space, a certain discovery,
hardly esteemed from the two-dimensional images. To see the real extension of
the lesion, we propose a navigation method based on cutting planes. These cuts
allow passing in a continuous way from the traverse views to the longitudinal
ones. The 3D reconstruction allows, for example, a more precise calculus of the
size of the stent or the balloon to be implanted or make easier the election of
better interventional instruments and their sizes. Three-dimensional images are
synthesized by the sequential apposition of the two-dimensional ones. This kind
of reconstruction presupposes the coronary section that we are treating as a
straight line with the catheter transducer in the middle, determining the center
of the lumen.

Taking measures of the volumetric vessel information is also a very important
point. To this purpose IVUS data are completed by vessel and stent models to
extract volumetric measurements about the vessel structures. According to the
medical experts collaborating in this work, measuring the volume of the lumen
before and after an intervention is good to evaluate the positive and/or negative
e�ects that the intervention has provoked [2]. It helps to decide about further
stent or angioplasty balloon interventions.

The article is organized as follows: section 2 discusses the 3D visualization
for "navigating" inside the vessel; section 3 explains the process of extracting
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volumetric measurements by vessel model and IVUS data; the article �nishes
with conclusions and future work.

2 3D Visualization of Coronary Vessels

2.1 Cutting Planes Generation

Let us assume the IVUS data as a sequence of parallel planes, it can be seen
as a cube. Hence, we can generate cutting planes under any spatial angle for
better identi�cation of calcium plaque and intimal layer grown. The possibility of
cutting the data cube under any navigation angle allows passing in a continuous
way from the traverse views to the longitudinal ones (�gure 2). In a longitudinal
cut of the section to study, the physician has a more accurate idea of the real
extension of the lesion as well as a possibility to measure the stent size by
pointing an initial and ending point.

To generate the cutting planes, we use the two orthogonal vectors that are the
generators of a plane containing the cut image. Initially, these two vectors have
the X- and Y-axis direction of the central image of the cube. The intersection
point of both vectors coincides with the catheter's center of this image. Applying
rigid transformations (3D rotations and translations) to these two vectors, the
physician is able to generate any plane contained in the data cube. [2]

(a) (b) (c) (d)

Fig. 2. Cutting planes generation: continuous pass from the traverse views to the lon-
gitudinal ones.

If we de�ne the center of the catheter, the translation vector and the central
plane vectors as follows:

c = (cx; cy; cz); t = (tx; ty; tz); vx =

0
@
1
0
0

1
A ;vy =

0
@
0
1
0

1
A

we are able to calculate all the generating vectors by the formulas:

v1 = Rz �Ry �Rx � vx+ t

v2 = Rz �Ry �Rx � vy + t (1)
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where Rx;Ry;Rz are the third order rotation matrix.
Taking into account the di�erent horizontal and vertical calibration factors,

we multiply each vector component by its calibration factor to assure the con-
tinuous way of passing from the short-axes images to the long-axes ones:

v0 = v

kvk ; v = (v0x � cH ; v0y � cH ; v0z � cV )

where cH and cV are the calibration factors.
When constructing the IVUS data cube, we should take into account the

vessel dynamics at the time the catheter is doing its pullback i.e. the beating
of the patient's heart. Ignoring the rotation of IVUS data in the image planes
around the catheter leads to artifacts that can be appreciated in �gure 3(a). This
problem is avoided by estimating the rotation manually or automatically [4] and
including it in the matrix Rz of formula (1). The correction of image rotation
allows to obtain a continuous view of vessels in cutting planes under any spatial
angle (�gure 3(b)).

(a) (b)

Fig. 3. (a) Cut plane without rotation correction. (b) Cut plane with rotation correc-
tion

3 Extracting Volumetric Vessel Measurements

A model of the vessel wall and of the stent is very useful in order to determine its
morphology in space, to extract volumetric measurements and to take decision
about stent implantation. These models have been implemented by B-Splines
because of their nice properties (easy to adapt to the vessel wall and stent, local
control, model compactness, etc.)[7]. The models can be easily generated by
determining the B-Spline control points that de�ne a B-Spline curve to adjust
manually or automatically [3] to vessel and stent boundary in each of the IVUS
images (�gure 4).

3.1 Spatial Models

Once obtained B-Spline curves that represent vessel and stent boundaries, they
are interpolated in space using B-Spline surfaces to construct a spatial model of
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the vessel and stent taking into acount the pullback speed (the distance between
planes) and 2D control points (�gure 5(a)). [1, 7]

3.2 Measures Between the Vessel Wall and the Stent

As discussed above, extracting volumetric information is very important in order
to evaluate intervention e�ects. Until now, area and distance calculus in IVUS
planes have been the only possible ones carried out with IVUS images. Having
a B-Spline representation of vessel and stent, it is easy to estimate the distance
between them using a �lling algorithm (Y-X, for example) in the images with
drawn vessel and stent models. Then, we can calculate the area of each model
in pixels and infer the intersectional area (s):

s = c
2
H � (av � as)

where cH is the horizontal calibration, av and as are the vessel and the stent
areas.

We extrapolate the area calculus to the space, using trapezoids, to get the
volumetric measurement as follows:

V = jsi � si+1j � cV

where cV is the vertical calibration de�ned by the pullback speed (the distance
in millimeters between 2 images) and the si and si+1 are the intersectional areas
of two consecutive planes.

4 Results and Conclusions

The implemented tools for 3D interactive visualization of vessel morphology is
of great clinical interest [2] making easier the conceptualization process of vessel
diagnosis and therapy. Until now, clinical comparisons of di�erent pullbacks
of a patient limit to compare distances and areas of a selected IVUS image

Fig. 4. Vessel wall and stent curve models.
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(a) (b)

Fig. 5. (a) Two-dimensional B-Spline model space generalization. (b) Spatial model of
the vessel wall (the intimal layer) and the stent.

trying to �gure out the severity of vessel pathology in space. As a result of this

work, the medical doctors have a tool to see the real extension of the coronary

disease not in an image or a sequence but in space as well as to measure more

accurately its e�ect. Currently, the project is under clinical validation, extracting

information from a statistic number of patients and comparing previous results

with the new ones to estimate the importance of volumetric vessel measurements.

A natural extension of this work includes creating a virtual reality environment

for realistic navigation and interaction with the vessel as well as simulating vessel

interventions, implementing the automatic correction of the vessel rotation and

automatic segmentation of the vessel layers.
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Abstract. Development of classification rules is often based on tree
methodology. Using data from a diagnostic study where Doppler flow
signals were measured to separate between malignant and benign breast
tumors I will discuss issues of searching for the cutpoint of continuous
variables with a minimal p-value and the necessity to correct this
p-value because of multiple testing. Ignoring the correction will
strongly favor continuous variables in tree development and may lead
to useless trees. I will further investigate the influence of the complex-
ity of a tree by estimating the overoptimism as the difference from the
apparent error rates based on the original data to estimated error rates
based on 5-fold crossvalidation. Furthermore I consider the use of pre-
defined cutpoint on the development of trees and the resulting error
rates.

1 Introduction

The method of classification and regression trees (CART) is one approach for mod-
eling the relationship between a response or dependent variable and factors or ex-
planatory variables possibly measured on different scales. CART is often used syn-
onymous for different types of tree-based approaches, the book of Breiman et al.
(1984) gives a detailed description of various aspects of the method. Several programs
for different types of outcome variables (e.g. continuous, binary, survival time with
censored data) are available and the list of applications is large. Nevertheless, for
many issues there are no accepted standard approaches and substantially different
trees can result with the approaches. Beside of users of tree methods, increasing in the
last years because of data mining, the community of scientists being very skeptical is
large because of several reasons, e.g. instability of trees developed, analysis of (small)
subgroups, overoptimism concerning the separation of groups, uncertainty about the
usefulness of stop criteria discussed, small final nodes giving results in contrast to
medical knowledge, usefulness of pruning or amalgamation of complex trees etc.

I will investigate some of the aspects by using a diagnostic study in breast cancer.
Several Doppler flow signals were measured in patients with the aim to differentiate
between benign and malignant breast tumors (Sauerbrei et al 1998). For a binary
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outcome the general idea of the tree approach is to split the population into two parts
with the aim to have a low percentage of patients with the outcome of interest in one
subpopulation and a high percentage in the other. By using a cutpoint a continuous
exploratory variable is split into two parts with values smaller and higher than the
cutpoint, and for the resulting categorized explanatory variable a p-value is calculated
by using the chi-square test of independence in a 2x2 table. To avoid very small
groups with extreme values only, the possible cutpoints have to be restricted to a
sensible  range of the distribution function of the variable. All values within the range
are investigated and the cutpoint that minimizes the p-value of the chi-square test is
chosen for that variable. Therefore multiple testing is used for continuous variables,
whereas only one test is possible for binary explanatory  variables. All explanatory
variables are investigated in this way and the minimal p-value over all variables with
the corresponding cutpoint is used as the splitting criterion. Each of the two resulting
subpopulations are investigated in the same way and splitted furthermore until some
predefined stop criteria are reached. Stop criteria may be based on estimated misclas-
sification rates estimated by crossvalidation, a predefined minimal allowable sample
size for further splitting, significance level for the test, further criteria or combinations
of some of them. Because of the structure of the analysis tree approaches are also
called recursive partitioning methods.

If factors are measured on different scales development of the tree will favor con-
tinuous variables as several cutpoints are investigated resulting in too small p-values
because of multiple testing. This problem is well known for a long time, e.g. Breiman
et al. (1984, p 42) state �variable selection is biased in favor of those variables having
more values and thus offering more splits�, but often ignored by the development of
the tree. Analysing prognostic factors in patients with a brain tumor by a tree ap-
proach the severity of this issue is demonstrated in Lausen et al. (1994). In a study
with 12 factors only age is measured on a continuous scale. In their original tree age is
used as a split criteria in 7 (sub-)populations. Correcting for multiple testing results in
a tree with a smaller number of nodes and age is used only two-times as a splitting
criteria. Furthermore, using all cutpoints as possible split criteria for continuous vari-
ables increases the instability of trees substantially (Sauerbrei (1997)).

I will investigate the influence of different stop-criteria, correcting for multiple
testing and using restrictions for allowable splits on misclassification rates in the
breast cancer example. I will use 5-fold crossvalidation to investigate stability of the
trees selected and to estimate the influence of the complexity of a developed tree on
the overoptimism concerning error rates from classification rules.

2 Patients and Methods

Between July 1992 and February 1994, 458 consecutive women with breast disease,
submitted for surgical biopsy with clinical symptoms, palpable, mammographic or
sonographic findings, were examined at the Gynecology Department of the University
of Freiburg. There was no preselection of patients as all of them received a Doppler
examination. However, all patients were symptomatic. The final histologic or cyto-
logic diagnosis was invasive carcinoma in 123 women and 10 in situ carcinoma,
which were combined to a group of 133 patients with malignant tumor, and benign
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disease in 325 women. Beside of age the number of arteries and number of contralat-
eral arteries were counted, flow velocities (3 continuous variables) and resistance
index (2 continuous variables) were measured. For more details see Sauerbrei et al.
(1998).

Concerning categorization of continuous variables and searching for the cutpoint
with the minimal p-value Miller & Sigmund (1982) derive the asymptotic distribution
of maximally selected chi square statistics in fourfold tables. They show that a nomi-
nal p-value of 0.05 from the chi-square distribution results in a p-value of 0.49 ac-
cording to the asymptotic distribution of the maximally selected chi square statistic.
Lausen & Schumacher (1992) derive the same asymptotic distribution for a wide
range of two sample statistics. Using these results a corrected p-value can be obtained
by

( ) [ ] ( )[ ] ( )P z z z z zcor e= − − +ϕ ε ε ϕ1 1 42 2log

where ϕ  denotes the probability density function and z is the ( )1 2− Pmin -quantile of
the standard normal distribution. Pmin denotes the minimum P value of the tests. The
selection interval is characterized by the proportion ε  of smallest and of largest val-
ues of the continuous factor that are not considered as potential cutpoints. Altman et
al. (1994) also propose a simple approximation.

Pcor ≈ -1.63 Pmin (1+2.35 loge Pmin) for ε = 10%  and

Pcor = -3.13 Pmin (1+1.65 loge Pmin)  for ε = 5%

More details are discussed in Lausen et al. (1994) and Altman et al (1994). I will
develop trees with and without p-value correction and use ε  = 10%.

As stop-criteria I use a maximal allowable tree level of 7 in combination with a
nominal selection level and a subgroup considered for further splitting must have a
minimum number of patients. If any of the three criteria is violated splitting is stopped
and the corresponding subgroup is considered as a final node of the tree. As nominal
selection levels I use 5% and 16%, the latter corresponds to asymptotic results of the
Akaike Information Criterion in selecting regression models and the similarity to
selection by cross-validation. Corresponding to the √n criterion, which is sometimes
discussed as stop criterion in the tree development, I use 21 as a minimum number of
patients. To investigate this issue I  use furthermore 5 as a small value.

Restricting the allowable splits for continuous variables to some predefined, medi-
cally plausible values is the only way to avoid selecting cutpoints which were never
used before in the literature. Pre-defining allowable cutpoints will also introduce
stability concerning trees selected. Based on the distribution I define four cutpoints
for each of the continuous variable.

I attribute the final node as �benign� or �malignant� by considering the percentage
of malignant patients in this final node, and a cutpoint for this percentage. This gives
a classification rule for which sensitivity is estimated as the percentage of correct
classification of malignant tumors and specificity as the corresponding number of
benign tumors. As often in these problems the loss of misclassification is considered
more serious if a patient with a malignant tumor is misclassified. Therefore I will aim
to reach a high sensitivity by using only 10% as the cutpoint for the attribution �be-



254      Willi Sauerbrei

nign� respectively �malignant� for the final node. As a further �natural� cutpoint for
this percentage I use the prevalence of malignant tumors in the study, which is 29%.
For both cutpoints I also calculate the accuracy as the percentage of correct classifi-
cations in all patients. I estimate sensitivity, specificity and accuracy based on the
original data and by using 5-fold crossvalidation. To asses the stability of trees se-
lected and the amount of overoptimism concerning sensitivity and specificity of the
resulting classification schemes, I use 5-fold crossvalidation (CV) in the following
way. The data are randomly divided into 5 parts of equal size. Four parts are used as a
�training set� for building a tree, and to attribute �benign� or �malignant� to each final
node, the remaining part is used to estimate sensitivity and specificity of the corre-
sponding classification scheme. This process is repeated for all 5 parts, resulting in
different classification schemes in each part and in the classification of each tumor as
benign or malignant based on a rule, which is developed independently of the subject
classified. Based on the true status, the cross-validated estimates of sensitivity and
specificity are calculated and compared with the estimates from the usual classifica-
tion schemes based on the original data.

3 Results

For all combinations of significant level, stop criteria and p-value correction the first
and second split level is very stable. The number of arteries with a cutpoint of 3 is the
split criterion in all combinations and in all cross validation runs. At the second split
level the number of arteries is also the dominating factor (cutpoints 2 and 6). At the
further levels trees developed by using the p-value correction are more stable than
trees were correction for multiple testing is not done. For the 5 situations considered
in table 1 the number of final nodes varies between 8 and 19. These differences are
also reflected in the cross-validation runs. For the first situation the tree is very similar
to the one presented in Figure 2 of Sauerbrei et al. (1998).

Using 0.10 as the cutpoint for the classification rule aims to classify correctly pa-
tients with a malignant tumor and to reach a very high sensitivity. For all combina-
tions of stop criteria and p-value correction the estimated sensitivity is 97.0% or
larger if the assessment is based on the original data. The corresponding specificities
are between 89.5% and 95.9%. The number of final nodes is only 8 if p-value correc-
tion and strong stop-criteria are used, but increase to 19 for weak stop criteria and p-
value correction ignored. Using only 5 as the minimum number of patients gives the
best accuracy with apparent error rates of less than 5%. However, the cross-validation
approach indicates the severe overoptimism with these complex trees.

Table 1 Based on the original data and by using 5-fold cross-validation estimates
of sensitivity (sens), specificity (spec) and accuracy (accur) for different combinations
of stop criteria (sig-significance level, minpat-minimum number of patients), with and
without p-value correction (pcorr).
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Original data CV-difference CV

pcorr sig min
pat

no.
nodes Sens spec accur sens spec accur accur

Cutpoint for the classification 0.10
yes 5 21 8 97,7 89,5 91,9 2,2 1,2 -0,2 92,1
yes 5 5 10 97,7 91,4 96,2 2,2 0,9 1,3 91,9
yes 16 5 12 97,0 95,4 95,9 4,5 4,3 3,5 92,4
no 5 21 10 97,0 93,5 94,5 -0,7 4,6 3,1 91,4
no 16 5 19 98,5 94,2 95,4 3,0 3,5 3,3 92,1

Cutpoint for the classification 0.29
yes 5 21 8 95,5 92,0 93,0 0,0 1,2 0,9 92,1
yes 5 5 10 97,7 91,4 93,2 6,7 1,2 1,1 92,1
yes 16 5 12 97,0 95,4 95,9 5,3 3,4 3,9 92,0
no 5 21 10 94,7 96,0 95,6 0,7 4,6 3,5 92,1
no 16 5 19 98,5 94,2 95,4 6,8 2,6 3,7 91,7

For the most complex situation the CV-difference (estimate based on original data
� estimate based on 5-fold cross-validation) for sensitivity, specificity and accuracy is
at least 3.0%. For a significance level of .16 the estimated error rate increases from
4.6% (accuracy based on original data) to 7.9% (accuracy based on cross-validation).
This estimate is identical to the estimate from the cross-validation approach by using
the most restrictive tree based on a significance level of 5%, a minimum number of 21
patients and by using the p-value correction. In contrast to the advantages of using
0.16 as significance level if accuracy is measured from the original data, the investi-
gation shows that the apparent advantage is caused mainly by the overoptimism and
that the results based on cross-validation are nearly identical for all five combinations
considered.

Increasing the cutpoint to 0.29 results for some combination in an increase of the
estimated specificity, but at the cost of a decrease in the corresponding sensitivity.
Estimates of accuracy based on cross-validation are nearly unchanged.

The approach based on pre-defined cutpoints for continuous variables results in
changes of the trees developed after the first level. These analyses identify age as the
most important factor after the number of arteries. In general the error rates increase
(data not shown). As already seen in the analyses without pre-defined cutpoints over-
optimism is a less severe problem if stronger stop criteria are used.

4 Discussion

Often several variables are measured with the aim to develop classification rules in
medicine. Regression models are generally considered as the method of choice, how-
ever approaches based on trees or neural nets are used as important competitors, in
data mining issues they are even more popular. Although the approaches are concep-
tionally very different, they all share the common problem of overoptimism concern-
ing the predictive ability, mainly if too complex �final� models are developed. For a
detailed discussion of this issue in regression models see Sauerbrei (1999). Concern-
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ing trees this issue may be more serious because the overall population is separated in
smaller subpopulations. In essence, a final tree consists of a number of high-
dimensional interactions and instability in tree development is a serious issue. As
searching for high-dimensional interactions is a very difficult task in regression mod-
els, trees may be considered as a useful complement, provided that some aspects are
taken into account in their development. Several approaches to improve classification
based on trees have been proposed recently, e.g. bagging trees (Breiman 1996).

For continuous variables I consider to use corrected p-values in tree development
as the most important issue. Because of the dominating effect of the number of arter-
ies the difference between trees developed with and without p-value correction was
less severe in this study than in other examples (Lausen et al. 1994, Sauerbrei 1997).
Another issue is the complexity of trees developed. In contrast to other approaches I
do not prefer to develop very complex trees which are simplified by pruning and
amalgamating. Using strong stop criteria I prefer to develop only relatively simple
trees. A further collapsing of nodes should also try to consider medical knowledge
(Sauerbrei et al. 1997). For more discussion of issues in tree construction, pruning and
recombination of nodes see LeBlanc (2001).

Using cross-validation I showed that overoptimism was no problem in situations
with strong stop-criteria where trees were mainly based on the number of arteries and
age. This result is in agreement with the analysis using the logistic model which in-
cluded number of arteries, age and number of contralateral arteries. With cross-
validation and bootstrap resampling it could be shown that stability and overoptimism
is no serious problem for developed diagnostic rules from logistic regression models
in these data  (Sauerbrei et al. 1998). The ROC curves based on two logistic regres-
sion models and the tree approach show that the error rates of the different approaches
are nearly identical (Figure 3 in Sauerbrei et al. 1998). The data were also analysed
with a feed-forward neural network (Schumacher et al. 1996). With an increasing
number of hidden units the authors were able to develop a perfect classification of
benign and malignant tumors. However, they state that this result is caused by sub-
stantial overfitting, an issue which is considered as an important general drawback of
neural networks.

Because of the importance in the growing field of data mining further investiga-
tions on the sensible use of tree methods are necessary. As for the development of
regression models I consider the use of resampling approaches as a necessary step to
assess the usefulness of any tree developed.

References

1. Altman DG, Lausen B, Sauerbrei W, Schumacher M: Danger of using "optimal"
cutpoints in the evaluation of prognostic factors. Journal of the National Cancer
Institute, 1994; 86: 829-835.

2. Breiman L: Bagging Predictor. Machine Learning 1996, 24:123-140.
3. Breiman L, Friedman JH, Olshen RA, Stone CJ: Classification and Regression

Trees. Wadsworth: Monterey, 1984.



Investigations on Stability and Overoptimism of Classification Trees      257

4. Lausen B, Sauerbrei W, Schumacher M: Classification and regression trees used
for the exploration of prognostic factors measured on different scales. In:
Dirschedl, P, Ostermann, R (Hrsg): Computational Statistics. Physica-Verlag,
Heidelberg, 1994; 483-496.

5. Lausen, B, Schumacher M.: Maximally selected rank statistics. Biometrics, 1992;
48: 73-85.

6. LeBlanc M: Tree-Based Methods for Prognostic Stratification. In: Crowley, J
(Ed): Handbook of Statistics in Clinical Oncology. Marcel Dekker, New York,
2001; 457-472

7. Miller R, Siegmund D: Maximally Selected Chi Square Statistics. Biometrics.
1982; 38: 1011-1016.

8. Sauerbrei W: On the development and validation of classification schemes in
survival data. In: Klar, R, Opitz, O (Hrsg): Classification and Knowledge Or-
ganization Springer-Verlag, 1997; 509-518.

9. Sauerbrei, W: ’The use of resampling methods to simplify regression models in
medical statistics’, Applied Statistics, 1999; 48:313-329.

10. Sauerbrei, W, Hübner, K, Schmoor, C, Schumacher, M for the German Breast
Cancer Study Group (1997): ’Validation of existing and development of new
prognostic classification schemes in node negative breast cancer’, Breast Cancer
Research and Treatment, 42: 149-163; Corrigendum Breast Cancer Research and
Treatment 1998; 48: 191-192.

11. Sauerbrei, W, Madjar, H, Prömpeler, HJ: Differentiation of benign and malignant
breast tumors by logistic regression and a classification tree using doppler flow
signals. Methods of Information in Medicine, 1998; 37: 226-234.

12. Schumacher M, Roßner R, Vach W: Neural networks and logistic regression:
Part I. Computational Statistics & Data Analysis 1996; 21:661-682.



A Case-Based Approach for the Classification of

Medical Time Series

Alexander Schlaefer1, Kay Schröter1, and Lutz Fritsche2
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Abstract. An early and reliable detection of rejections is most impor-
tant for the successful treatment of renal transplantation patients. A
good indicator for the renal function of transplanted patients is the course
over time of the parameter creatinine. Existing systems for the analysis
of time series usually require frequent and equidistant measurements or
a well defined medical theory. These requirements are not fulfilled in our
application domain. In this paper we present a case-based approach to
classify a creatinine course as critical or non-critical. The distance mea-
sure used to find similar cases is based on linear regression. Our results
show that while having a good specificity, our sensitivity is significantly
higher than that of physicians.

1 Introduction

Decision making is a vital task in medicine. Reasonable decisions on diagnostics
and therapy require a complex domain knowledge. The values of many medical
parameters, provided by different examinations, and the connections between
these parameters have to be taken into account. Apart from general domain
knowledge, decision making also depends strongly on individual experience. De-
cision support systems were developed to support especially less experienced
physicians. Beside giving suggestions on possible diagnosises, such systems can
give hints on useful examinations and can make treatment suggestions. New and
improved examination methods lead to an increasing amount of available data.
Even for the experienced physicians it becomes impossible to pay equal attention
to all the information. Decision support systems can help to focus on relevant
or critical information.[12]

Most of these systems rely on a complete and sound medical theory, so called
expert knowledge. The medical experts have to define rules, patterns, states of
functions etc. in order to make those systems work. In many cases this may be
a promising approach, as long as the domain is well understood. Other domains
are still developing and not as well founded yet. Furthermore it is not always
easy to incorporate the expert knowledge into an electronical system.
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Much of the data in the medical domain is time related, and often the course
over time of some parameter is more interesting than its value at a certain
point in time. This is especially true for the long term monitoring of patients
who suffer from chronical diseases. When assessing the state of health of such
patients, physicians have to compare a number of different parameter courses
which may vary around the patients individual levels.

While there exist a various number of algorithms for the analysis of time
series, most of them are designed for equidistant series with frequent measure-
ments. These assumptions do not hold for many medical time series, since the
frequency of examinations depends on the patients health and may vary. Es-
pecially when considering chronical patients, the interval between two medical
examinations can be quite long.

There is some other work investigating the analysis of medical time series.
TrenDx [3] was developed to detect conspicuous trends in a course. It requires
patterns that describe typical, normal and critical courses of a parameter (trend
templates). ICONS [7,8] is a case-based system that predicts the renal function
of intensive care patients. The intensive care unit environment allows to make
equidistant measurements. Only the values from a short period of time are con-
sidered. ICONS uses temporal abstractions as described in [10,11]. T-IDDM [1]
analyses the blood sugar level of chronical diabetes patients. It is based on a well
defined domain model and needs regular measurements. VIE-VENT [5] observes
and controls the artificial respiration of newborns. This system works with high
frequent measurements.

2 Domain and Data

Our project is located at the department of nephrology in the university hospital
Charité. A major task of the nephrologists is the treatment of patients who
underwent a kidney transplantation and live with a kidney graft. Although the
physicians thoroughly check whether recipient and donor have compatible tissue
types, there is virtually never a hundred percent match. Hence there is always
the risk, that the immune system of the recipient attacks the graft and destroys
it. The patients have to take drugs that suppress the immune system to prevent
such rejections. Still the patients need to be monitored carefully, since an acute
rejection may occur even months or years after a successful transplantation.
Acute rejections can be treated by high doses of drugs. For a successful treatment
it is of most importance to recognize an acute rejection as early as possible.

The circumstances that initiate an acute rejection and the symptoms that
reliably indicate a rejection are not completely understood yet. A promising
parameter, that is also used by the physicians, is the level of creatinine in the
blood. Creatinine is a waste product of the metabolism that is excreted by the
kidneys only. Hence it is a good indicator for the renal function, that decreases
in the case of a rejection. The creatinine level should be almost constant between
0.6 an 1.2 mg/dl. For patients who live with a kidney graft the normal individual
level can even be higher than the limit for healthy humans. Therefore not only
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the level at one point in time but rather the course of creatinine measurements
over time is used to recognize a possible rejection.

A complete and correct set of all relevant medical data of a patient is neces-
sary for a substantial decision. We use the electronic patient record TBase2 [4,9]
to collect the data, obtained during the regular health checks of the patients.
Among others TBase2 contains information on transplantations, rejections and
laboratory results. All this information is associated with time stamps. For trans-
plantations this is the date of the surgery, for rejections the beginning of the
treatment and for laboratory results the date when the blood test was taken. As
much data as possible is obtained electronically from the diagnostic unit. This
increases the quality of the data and avoids time consuming and fault-prone
manual input. Nevertheless the available data may be rare due to the long time
intervals between two examinations.

3 Case-Based Reasoning

Case-based reasoning (CBR)[6] is a technology that has been successfully applied
in different domains so far. Applications also include decision support systems
in medicine like ICONS [7,8]. The idea behind case-based reasoning is to solve
problems analogous to the way humans do: for a new problem the system re-
trieves similar cases from the case base and uses the solutions associated with
these cases to construct a solution for the new problem. These steps correspond
to the human processes of remembering and adaption. Case-based systems make
experiences usable.

A case consists of a problem description and a solution. When looking at
the course of creatinine the problem is the underlying time series. In a first
stage the solution is just the classification of such a course into one of the two
classes ’critical’ and ’non-critical’. Ideally a creatinine course that is classified as
’critical’ also indicates a beginning rejection.

A vital task during the development of a case-based system is to find an
appropriate definition of similarity. We designed a CBR algorithm that uses a
distance measure to compare two creatinine courses (see next section). A distance
measure can be seen as an inverse similarity measure.

The design of our algorithm can be described as follows. In a first step the case
base and the distance measure are initialized. When a new course is presented
to the system, all cases of the case base are compared with that course and then
ranked in order of ascending distance. The class of the k closest cases is used to
determine the class of the new course. For our experiments we simply assigned
the class of the majority of the k cases.

4 Distance Measure

In statistics and classical time series analysis exists a various number of algo-
rithms to compare two time series. Most approaches expect the time series to
consist of equidistant measurements and to be of equal length. Examples include
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’correlation’ and ’Euclidean distance’, two common algorithms for comparing
time series.

Both assumptions are not met by the creatinine courses we obtained from
TBase2. In fact, the interval between two measurements depends on the patient
and may range from a couple of days up to three month. The frequency of the
measurements also varies, e.g. for inpatients.

In order to compare two creatinine courses we developed a distance measure
based on linear regression. Essentially our algorithm compares the measured
values of the two time series at time t, if both courses have a value at t. Otherwise
the measured value of one of the courses is compared to the expected value of
the other course.

We use the absolute value of the difference of the two values to determine
their distance. The sum over all local distances is our raw distance measure.
We divide this value by the number of considered pairs to obtain a normalized
distance. Since the time series are chronologically ordered, this algorithm can be
implemented in linear time (O(n+m)).

5 Evaluation and Testing

To evaluate our case based algorithm we used a test set with courses from
TBase2. It consist of 102 creatinine courses of which 51 courses actually end
with a rejection. The other 51 courses were randomly chosen from courses of
all patients that never had a rejection. For our experiments we interpreted the
existence of a rejection as a classification criterion. Courses that end with a re-
jection are considered to be critical courses, the other courses are considered to
be non-critical.

We defined a valid course to have a maximum length of 360 days and to start
not earlier than 90 days after transplantation. The second condition is necessary,
since there is a significant difference in the course of creatinine shortly after the
transplantation and later on. We also required at least four measurements per
course. For the 51 courses that end with a rejection the last measurement has
to be within two days before the rejection.

Instead of dividing the courses from our test set into a case base and a distinct
test set, we used a leave-one-out approach to test our algorithm. We tested the
algorithm on each course of the test set, but we excluded the tested course from
our case base. Indeed, we also excluded one randomly chosen case from the other
class, such that both classes were represented by an equal number of cases in
the case base.

For our tests we used different values of k and differently sized case bases. In
order to obtain valid means we rerun every test thirty times with independently
chosen case bases of the same size. The results of our case based approach were
compared with the results of medical experts. We showed the courses to eight
experienced physicians who had to assess whether the course is likely to end
with a rejection (critical course) or not (non-critical course).
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6 Results

The results of our experiments are highly encouraging. The figures 1 and 2 show
sensitivity and specificity for different case bases and for k = 1 and k = 3,
respectively. Sensitivity is a measure to estimate the classification of critical
courses. Specificity estimates the classification of non-critical courses. While the
specificity is good but smaller than the average specificity of the eight physicians,
the sensitivity achieved by our case based algorithm is generally much higher
compared to the physicians average.

Fig. 1. Results for case bases of size
22, 42, 62, 82 and k = 1 compared
with the results of physicians. The
values are the means of 30 tests of
the algorithm for each size of the
case base and of 8 physicians, re-
spectively

Fig. 2. Results for case bases of size
22, 42, 62, 82 and k = 3 compared
with the results of physicians. The
values are the means of 30 tests of
the algorithm for each size of the
case base and of 8 physicians, re-
spectively

Both figures show that with increasing size of the case base the classification
results improve. The gain in sensitivity for k = 1 (figure 1) is not matched by
the gain in specificity for larger case bases. Figure 2 suggests that it is necessary
to increase the size of k when the case base grows.

7 Conclusions and Further Work

The recognition of critical creatinine courses is essentially a screening problem.
While it is not harmful if physicians do a detailed diagnosis even though there
is no problem with the patients graft, it can be most dangerous for the patient
if a beginning rejection is overlooked.
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The algorithm we presented is able to classify critical courses with a sensitiv-
ity of up to 81% compared to the physicians average of about 47%. At the same
time the specificity is higher than 70%, which means that the algorithm is well
suited to support the physicians decision and to warn of critical situations. This
is especially true since the physicians decisions are partly based on experience
and intuition.

For our future work we plan to investigate other distance measures for the
comparison of time series. Since the course of creatinine alone is to unreliable
when classifying the courses with regard to a suspected rejection, we will also
include other parameters into our distance measure. So far the retrieval step of
our case based algorithm uses linear search. Although runtime is not an issue in
our setting, there is related work that addresses this problem [2,7,8].
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Abstract. Amino acid sequences are usually described using
categorical variables which are difficult to change to a numerical form.
We compare two numerical coding methods in polyproline type II
secondary structure predictions, the frequently used binary vector
coding method and our new real value coding method based on the
PAM250 substitution table which consists of amino acid mutation
information. The real value coding method has good properties such as
space saving and illustrative form. Our first results are almost
comparable to the results of traditional binary vector coding method.

1 Introduction

Our study deals with the protein sequence coding. The main question is how
categorical variables could be changed to a numerical form. This is important,
because in the field of secondary structure prediction there are few methods to code
amino acid sequences and all of these methods have some shortcomings. The most
popular coding method is the orthogonal binary vector coding, where a 20-
dimensional binary vector with one 1 and 19 zeros represents one amino acids. The
number of different amino acids is 20. A sequence of length k is represented by a
binary vector whose length is k times 20 [1]. The fractal coding method uses
properties of amino acids (hydrophobic and charges). It converts a sequence to a path
through a quadratic area in a binary feature matrix of sequences [2]. Dummy coding
[3], where a categorial variable is replaced with a set of binary variables, is often
applied in statistics. We excluded it, because it resembles the binary coding technique.

We describe the real value coding technique and compare neural network results of
this coding technique to our earlier results with the binary vector coding [1]. Starting
from the well-known PAM250 substitution table [4], we change the amino acid
relations to the target distances with a genetic algorithm [5]. We then use the
distances with the genetic algorithm to evaluate real value points which present amino
acids in an Euclidean space. Amino acid sequences are encoded to present the
polyproline type II (PPII) class and non-polyproline (non-PPII) class [1].
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PPII secondary structures are quite rare (incidence 1.3 %) and they are, therefore,
difficult to separate from other structures in the level of the sequence. There are also
other problems, which make it difficult to predict those structures:

· The sequence space is almost empty. In the uniform learning set there are
about 9000 learning cases and the size of the sequence space is 2013 giving the
load factor of 9000/2013.

· PPII and non-PPII cases are badly mixed with each other in the 13-dimen-
sional sequence space.

· 13-dimensional sequences are the longest we can use, because longer
sequences would require more PPII cases for the learning.

The final aim of our research was to predict PPII structures with neural networks
by taking advantage of amino acid sequences. The material was extracted from the
Protein Data Bank [6].

2 Real Value Coding Method

We used genetic algorithm twice to produce real value coding for the neural
networks. Firstly, relations were changed to the distances. Secondly, distances were
transformed to the real value coordinates.

2.1 From Relations to Distances

The values of the PAM250 substitution table [4] indicate how amino acids mutate to
the each other. The substitution table probably includes information also of protein
structures, such as PPII, and this information possibly increases prediction accuracy.

Relations in PAM250 have many conflicts and, therefore, the coding task is
difficult. Further, the relations of amino acids to themselves are problematic, because
self-relations do not include the same values for every amino acid. This leads to
conditions that must be taken into account in the fitness function of the genetic
algorithm.

Let M be an upper triangle matrix (the actual data) for the PAM250 matrix. We
randomly initialised a new distance table D250 that is also an upper triangle matrix.
The fitness function of the genetic algorithm consists of two conditions.

The genetic algorithm must increase negative correlation between the PAM250
table and the new distance table D250, because relations must be changed to the
distances.

The genetic algorihtm should assign zero distances to the diagonal values of D250,
because the self-distance for every amino acid must be zero.
The fitness function is

f = (cor(PAM250,D250)+1)+diagsum(D250) (1)

where correlation between A and B (cor(A,B)) is calculated between vectors, which
include upper triangle values of the matrices without diagonal values. The function
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diagsum(A) is the squared sum of the diagonal values of matrix A. If D250 fulfils both
conditions, then f approaches zero. Populations, which the genetic algorithm
evaluated, consisted of matrix presentations of the distances. We ran the genetic
algorithm repeatedly in the Matlab environment until negative correlation stopped to
increase. The best member of each prosess was inserted to the initial population of the
next prosess. Minimum and maximum values in the genetic operations were 0 and
100. Values in Figure 1 and Tables 1 and 2 are also within this interval.

The optimization task was easy, because we got high correlation �0.9979 between
values of PAM250 and values of D250. Distances are presented in Table 1.

Table 1. D250 distance matrix for amino acids after genetic algorithm processing

2.2 From Distances to Coordinates

Next we generated floating point representations from Table 1. We used 3- and 5-
dimensional presentations for amino acid sequences and 2-dimensional presentations
to visualize their relations. Thus, 20 floating point values were randomly initialized
and the genetic algorithm tried to find floating point positions in 2-, 3- and 5-
dimensional Euclidean spaces. The genetic algorithm maximized positive correlation
between floating point presentations and D250 distances. A member of population
was one presentation of the amino acids in the Euclidean space and the population
was a set of these members. Again, we used the genetic algorithm repeatedly.

We obtained quite good representations of the floating point values. The
correlation with 2-dimensional points was 0.89, with 3-dimensional points 0.94 and

A C D E F G H I K L M N P Q R S T V W Y
A 1 32 62 48 62 31 62 47 48 47 47 63 47 48 47 18 30 32 77 62
C 0 77 92 62 77 78 47 77 46 47 78 78 77 77 47 47 47 62 61
D 0 3 77 47 49 77 47 93 77 16 47 31 62 32 48 78 92 77
E 0 77 62 33 78 17 78 63 32 47 1 32 31 47 63 78 62
F 0 77 47 32 78 31 33 77 92 78 77 62 62 48 16 0
G 0 62 93 62 93 78 32 62 62 62 32 62 78 62 78
H 0 77 48 78 63 17 62 32 32 47 62 77 62 3
I 0 77 2 17 77 77 77 78 62 47 0 78 47
K 0 63 46 31 47 17 3 32 47 61 78 63
L 0 2 77 78 63 62 63 47 17 62 47
M 0 62 62 32 48 48 47 17 49 47
N 0 63 32 32 17 32 79 92 62
P 0 47 62 47 47 63 93 77
Q 0 17 32 48 62 63 47
R 0 46 48 78 77 63
S 0 17 63 77 63
T 0 33 59 63
V 0 77 47
W 0 0
Y 0
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with 5-dimensional points 0.95. We can see that conflicting distances work better in a
space where the dimension is higher. Some floating point presentations are shown in
Table 2. See also Figure 1 with 2-dimensional presentations of the amino acids.

Fig. 1. 2-dimensional presentation of amino acids

3 Material for Neural Network

 Learning material was taken from the Protein Data Bank having approximately 8600
macromolecules. We discarded such molecules which were not proteins, proteins
which had a low resolution, and identical cases. Further we excluded proteins that had
a relative in the same protein family and had a lower resolution than that of the
relative. In this operation we used the sequence alignment and sequence identity
measurements [7]. Finally, there were 1848 proteins for our real value coding and
neural network tests.

Table 2. 5-dimensional presentations of amino acids

Dim. A C D E F G H I K L
1st 31.6 26.7 11.7 16.4 79.1 8.25 36.6 97.5 14.8 87.1
2nd 4.47 12.9 37.4 33.8 81.3 48.9 86 14.7 16 21.8
3rd 84.5 99.3 17.9 8.14 69 92.6 25.4 69.3 26.1 62.6
4th 53.1 22.6 97.2 66.7 21.8 94.8 52.3 19.4 35.3 1.01
5th 55.4 91 38 33.5 73.1 33.3 33.7 74.2 17 63.3

Dim. M N P Q R S T V W Y
1st 71.2 35.8 18.5 22.5 22.3 36.3 67.2 84.1 45.5 58.2
2nd 24 46.7 2.75 36.1 31.6 19.6 11.1 3.93 99.1 89.8
3rd 45.3 37.9 10.5 9.51 29.3 59.4 51.8 60 74.5 51.5
4th 9.96 83.2 75.8 41.8 24.6 78.1 75.8 30.7 22.8 27.4
5th 58.1 7.56 89.5 34.7 3.06 32.7 51.6 80 85.5 65.2
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Five learning and test sets were selected as in [2]. We split the data into the
learning (90% of the data) and test (10 %) sets. For the learning, PPII cases were
separated from non-PPII cases. A length of the sequence was 13.

We had to discard, with systematic and random sampling, a lot of non-PPII cases,
because the number of non-PPII and PPII cases must be the same in the learning set.
Approximately 9000 cases remained in the learning set and 1200 cases in the test set.

Finally, the learning and test sets (having now uniform distribution) were recoded
by using real value presentations for amino acids. When we used 3-dimensional
amino acid presentations and sequences whose length was 13, the length of input
vectors and the number of input nodes in the network were 13⋅3.

4 Neural Network and Brief Discussion of Its Results

Feedforward multilayer neural network topology was selected, because it is frequently
used in the secondary structure predictions and our previous results were also
obtained by using this topology. We found out that the network needs more than four
hidden nodes for the real value coding [1] to handle nonlinearity in the mapping. If a
shorter input vector is used, more connections are needed in the network.

We were interested in the prediction and recognition accuracies of neural networks.
Prediction accuracy is 100%⋅TP/(TP+FP) and the recognition accuracy is
100%⋅TP/(TP+FN), where TP is the number of true positive cases, FN is the number
of false negative cases and FP is the number of false positive cases.

Averages of results from five test sets for the real value coding are given in Table
3. Earlier [1] also binary value results were shown for comparison. As we can see, the
results were almost independent of the dimension of the amino acid presentations.
The results may depend more on network initializing tasks. In every test set the real
value coding technique gave lower results than the binary value coding technique.

Table 3. Prediction (P) and recognition (R) accuracies for 3- and 5-dimensional real value
coding and binary value coding

coding method P (%) R (%)
real value vector 3D 71.54 67.48
real value vector 5D 71.9 69.29
binary value vector 74.26 72.28

5 Conclusion

It is clear that the binary value coding technique gave better results in PPII secondary
structure prediction. One reason for lower accuracies might be the increased
nonlinearity that is well known inconvenience in structure prediction literature. When
using the real value coding technique, a neural network needs more hidden nodes than
with binary value coding - that was probably also effect of increased nonlinearity.
Still, the number of connections in the optimal neural network structure was the same
for both techniques.
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Despite lower accuracies, we still believe that the direction of our research is right:
In prediction work, we must take into account properties of amino acids. Already
now, the method has many good properties (space saving, understandable form for
humans, general nature for other secondary structure prediction and sequence
alignment). We believe that there is a great amount of information in the world of
molecules that can be exploited and then, our system to coding sequences can be a
framework toward better sequence representation.
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Abstract. To evaluate some intelligent method for decision-making we
need to compare the method against the competing methods to get some
idea of its performance and capabilities. In everyday practice this is
enough and the method, if proven good, can be used for different
problems. In medicine however we have a demand for the best solution
in all circumstances. It is therefore impossible to declare one method as
acceptable for every type or even every single problem. In this article
we would like to stress some important aspects of machine learning in
medicine, especially the creation of specific decision models. We
believe the evolutionary concept is a good approach to this as it creates
many diverse solutions.

1 Introduction
The doctor is many times not aware of the new medical procedure or medication for
some illness. It�s simply because he or she can�t be expected to keep up with all of the
medical advances as they come out. A similar dilemma is in the world of computer
generated intelligent models for medical decision-making. A perfect intelligent model
would know how to deal with any data yet there is only a small subset of that data
actually available for the learning process and the learning process itself has flaws.
Therefore we can only hope that the final model will behave as desired in most of the
cases.

It is impossible to draw direct connections between the medical and the computer
world. While in the real life each mistake can be lethal in the virtual world the same
mistake only affects some statistics. If the patient and doctor look for second opinion
they look for new knowledge, new experience; in AI we try to decide for the best
decision model, for example a decision tree (DT), and then use alternate ways to
construct this specific model and evaluate its quality. Because the direct qualitative
comparison of the decision-model producing methods is impossible we must compare
the produced decision models. And for that we need a dataset. Medical databases are
usually far from perfect (from the learning perspective) and this introduces new
problems in the decision making process.
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2 Medical Approach to Decision Model Evaluation

Differential diagnosis is a working list of possibilities that a doctor uses in the process
of diagnosing a specific disease. If in doubt the doctor/patient can ask for a second
opinion. A "blind" second opinion is when medical records, test results and first
physician’s opinion are not made available to the second doctor; alternative is to share
this information. The advantage of the "blind" approach is that it cannot be influenced
by previous information. The disadvantage is that the second opinion doctor may not
be able to tell you why his/her opinion is different without knowing the basis of the
first doctor’s opinion. A third option is to provide test results, X-rays and other
information without the first doctor’s written diagnosis and treatment
recommendation. Most second opinion doctors prefer knowing the first opinion, but
they can still provide a good second opinion if they can at least review previous
medical records. This information is helpful as it often provides clues and baselines to
compare to new test results [9].

2.1 Evaluating the Decision Model

The aim of using computers in medicine is to provide help for doctors to select the
correct diagnosis and appropriate treatment and to discover new knowledge. Because
we don�t know how to code the medical knowledge of a human expert into a
computer program we mostly use intelligent techniques that extract information from
given data. The data describes known cases with the attributes that are found relevant
by the doctors. In the whole data gathering process there are many presumptions and
errors and almost every database also includes a certain amount of noise. When this
data is used for the computer model new limitations arise and the result is therefore
almost always only an approximation of some wishful ideal model.

The behaviour of the decision model must be inspected using different testing
methods and must also be compared to other decision models. For this purpose the
public access database for machine learning [7] is of great help yet the comparisons
are usually inadequate � a gain of a few percent is not enough to pronounce one
model superior to the other. We use an evolutionary method for decision tree
construction and are aware of its advantages and deficiencies � the evolutionary
process yields many different solutions, can have convergence problems, is robust on
different types of databases and is theoretically capable of finding the optimal
solution [5, 10]. The catch with the decision model evaluation is however in the
comparison of our evolutionary trees with other trees made on public and private
datasets.

The main problems with all (medical) datasets usually are (1) small size with high
overfitting possibility; (2) noise; (3) missing values. The diverse public datasets
include all of the above and are therefore a good testing playground to get the general
feeling of our method. But we must not forget the �No free lunch [8]� theorem, where
Wolpert and Macready proved that, when performance is averaged over all possible
search spaces, all search algorithms perform equally well. If we regard learning
methods as search methods then all the methods are equally effective. To use the
decision method for medical purposes we must be sure of its strength. And because of
the theorem we can�t always expect to get good results on fresh datasets. In fact, we
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have to prove the method to be good on every new dataset, too. Now we have a
problem � if we have to make a detailed evaluation of the decision model (in our case
the decision tree) for a given dataset then this is a task for the experienced
professional. To make an analysis of a dataset it�s not enough just to use some tool
and collect the results. We must compare those results with results of other methods,
do a statistical analysis... This is a lot more difficult than just depend on the final
accuracy score [10].

For example, the recognized and well-known C4.5 (and the successor, C5)
algorithm for DT construction is a good general performer with usually high level of
accuracy. But we can�t expect the C5 to perform best on all datasets. The tree
produced with C5 however is good reference tree that other trees can be compared
with. Because of high expectations from the doctors we need the �best� results for
each dataset. Therefore we have to push the decision model building method. This is
dangerous because it�s easy to cause overfitting of the model to the underlying data.
We found the evolutionary computing (EC [2]) to be very effective in this respect as it
easily produces a whole family of solutions (decision trees) instead of a few similar
ones � this is an advantage with difficult datasets where the solutions are likely to fall
into a local optimum. And because the EC can create any possible model it�s logical
to expect that the evolved model will achieve at least the same quality as the C5
produced one. With this thinking we are also close to the dilemma of evaluating the
EC DT producing method itself. If EC is capable of producing the best DT in every
case (though it will probably not) then it�s possible to push it on every single dataset
until it outperforms other methods... But since we are concerned with getting the best
model for one particular dataset this is exactly what we want.

3 Using Intelligent Classifiers

To get the best decision tree for our dataset we decided to use something like the
�second opinion� approach, which is a well-known principle in medicine. But before
we give the dataset to the second professional to analyze and create a DT model, we
have to decide how much information to give to this second expert. We have
possibilities similar to those in the medicine and first option is to select a blind second
opinion. This is because there is no biased information for that dataset, we wish for
independent opinion and we certainly don�t want to influence any results. The input
for the second expert is therefore only the dataset accompanied with the necessary
description of the data. We hope the blind second opinion will give some possibilities
we wouldn�t think of or some new clues that are not so obvious from our perspective.
To extend the research we also asked for the second opinion from the third
professional, this time he was given all details and knowledge of our work and also
the results from the second expert.

The hesitation about this �second opinion� is that we can perform all the
comparisons and evaluations simply by ourselves � it�s faster and cheaper. The
medical experience however teaches us that this is not the best way to go. The second
opinion from an independent expert can tell us more about our method, our final
decision model and the dataset we are using than we would discover by ourselves.
The following example doesn�t reveal any new knowledge; it just shows some
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differences we might never have seen otherwise. Presented dataset is difficult for the
classification systems because a small improvement in sensitivity usually dramatically
reduces the specificity score.

3.1 Mitral Valve Prolapse Dataset

This medical dataset describes the cardiac problem of mitral valve prolapse [3] in
children and is a result of a major medical study. The MVP] dataset describes children
and youths under age of 18. They were selected regardless of their medical records
and previous examinations. A total of 631 patients are recorded in the dataset. With
results from auscultation, phonocardiography, ECG and echocardiography we
collected a total of 103 attributes possibly showing the presence of MVP. Three final
classifications are possible: prolapse, silent prolapse and no prolapse.

3.2 Methods and Results

Predictive power is only one aspect of the decision model and therefore we prefer to
use the decision tree, which is a transparent model that shows why the particular
classification was made. Our tool uses genetic algorithms (GA) and can therefore
produce a whole set of decision trees with different properties. We expect to find
some very good trees or even optimal trees but none of this is for certain [4,5]. We
used the 10-fold technique to split the dataset into training and testing subsets and
then ran our tool several times on each of the learning sets until we got some
converging results for that fold. Statistical scores of decision trees were quite
interesting � we could observe tree�s overall accuracy, sensitivity and specificity, size
and average depth... Table 1 displays the best statistics encountered.

Table 1. The best results for the GA produced decision trees

Best Average
Overall accuracy 96.2 88.0
Sensitivity 90.1 80.7
Specificity 96.7 90.1

If the MVP would be a public database we would check our testing statistics against
other published results. But this is not the case and because of the nature of GA trees,
which have a wide range of scores, it�s difficult to say how good this score really is. Is
it possible to build an even better tree? We were able to construct more different trees
all with similar scores. Because of this we concluded that we could determine MVP in
several ways - the medical doctors also confirmed that later on. But we still have no
clue how well the GA method performed on the MVP dataset.

To compare our results with that from the second opinion we had to create one
testing set. We randomly selected 501 cases out of 631 for learning and the remaining
130 for the testing. This learning/testing pair was then given to the second/third
expert. The results for this data arrangement are presented in Table 2.
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3.3 Other Approaches

When we received the blind second opinion for the MVP dataset we could see that the
basic idea behind the second analysis was close to ours. Instead of the GA based tool
the analyst used the recognized C5 [6]. First advantage was visible when we read the
remarks about the dataset � the prolapse diagnosis was problematic and it constantly
had lower sensitivity scores. Because the scores for the silent prolapse were
significantly better (and it�s more difficult to diagnose) the other expert even
suspected that the notations had been mixed in the dataset! The resulting model from
the informed expert, who also used a GA-based tool, was the best of all. While the
isolated GA and C5 methods had no clue of the quality of the results the informed
expert could twist and push his method to achieve better results than the EC and the
C5 method alone.

It is difficult to compare different tree topologies because it�s the combination of
the shape and attributes that makes the classification. Smaller trees tend to have better
generalization capabilities while there is no perfect rule to select the order of tests in
tree nodes. We are still waiting for medical explanation for all trees. We should note
here that GA sometimes produced trees with layers very similar to that of C5.

Table 2. Comparison of best testing results (EC tool and 2 second opinions)

Our results Blind second
opinion

Informed
second op.

Sensitivity 63.6 (7/11) 63.6 (7/11) 72.7 (8/11)
Specificity 95.0 (113/119) 93.3 (111/119) 95.0 (113/119)
Accuracy 92.3 (120/130) 90.8 (118/130) 93.1 (121/130)

4 Discussion and Conclusions

The presented dataset, especially the chosen learning and testing set pair, is difficult
for any classification method because of sensitivity and generalization problems. The
informed second opinion (with the results of C5 and our EC method) could use this
information to adapt the fitness function and focus more on the attributes found
relevant by both methods. At the same time the minimal scores were known and the
method itself could be adapted to suit the MVP problem more. This is not positive for
the method itself as only a skilful professional is able to perform such modifications,
but it�s positive for the MVP diagnosis.

Just like the medical doctor the computer expert can�t master certain specifics. The
problem when evaluating certain learning methodology is that it can only be
evaluated on a specific dataset. A general comparison is impossible because it
consumes too much time and resources. If we dislike certain solution we have the
option to build another model yet the doubt of its quality remains. The normally used
comparisons of scalar measures have some disadvantages that are not so obvious. We
must have the appropriate tool for a reference build in the first place. Then we need
the necessary experience � an inexperienced user simply doesn�t know how to set all
the parameters to fully exploit such tool. Above all there is a great chance that we�ll
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overlook a small detail that just may have a great impact on the overall score of the
model.

The problem with the second opinion is that you must find a second expert to
perform necessary work on a high enough level, who has the experience and
knowledge to give quality feedback. In the end is the question of funding but
depending on the problem it may be worth a try.
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Abstract. This paper deals with the possibilities to refine the knowl-
edge base of an otoneurological expert system ONE with the knowledge
learned from data. The augmented knowledge base produces better re-
sults for benign positional vertigo, Menière’s disease, sudden deafness,
traumatic vertigo, and vestibular schwannoma. The results of this study
suggest that learning from data is useful in refining the knowledge base.
However, the knowledge acquired from human experts is also needed.

1 Introduction

Vertigo is a symptom that can be caused by a wide variety of diseases [5]. An
otoneurological expert system ONE [2] is developed to assist the diagnostic pro-
cedure for peripheral and central diseases involving vertigo [5] and to provide a
tutorial guide for medical students. Diagnostic work-up with vertiginous patients
requires thorough knowledge of otoneurology [5]. An interactive expert system
helps even general practitioner to request the right investigations and to submit
the challenging patients to the right specialist for further evaluation [5].

The performance ability of an expert system essentially depends on its knowl-
edge base. The knowledge representation model of ONE employs weight and fit-
ness values. A weight value expresses the relevance of an attribute for a certain
disease. A fitness value expresses how well an attribute value fits to a certain
disease. The weight and fitness values stored in the knowledge base of ONE are
defined on the basis of expertise of otoneurologists and information obtained
from the literature [7]. According to previous studies, ONE seems to outperform
another otoneurological expert system [1] and to do well also when compared
to human experts [7]. However, reasoning on Menière’s disease and vestibu-
lar schwannoma has been difficult for ONE [2]. Benign positional vertigo and
vestibular neuritis cases with confounding values (i.e. symptoms and signs not
related to the current disease) have also caused difficulties for ONE [7,14], which
calls for the further refinement of its knowledge base.

The database of otoneurological cases makes ONE beneficial for medical re-
search. It can be also utilised in the research of machine learning methods: The
continued collection of patient cases has enabled the knowledge acquisition from
data using decision trees [13], genetic algorithms [8], and neural networks [4].
The present study explores the effects of fitness values extracted from a data set
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on reasoning results for the six largest diagnostic groups [6] in the database of
ONE.

2 The Inference Mechanism of the Otoneurological
Expert System ONE

The present version of ONE deals with 18 diseases and disorders involving ver-
tigo [7]. Its inference mechanism resembles the nearest neighbour methods of
pattern recognition [11] and takes into account the attributes concerning pa-
tient history, clinical tests and examinations. For each disease, a description is
given in the knowledge base in the form of fitness values and weights. To each at-
tribute, a weight value expressing the significance of the attribute for the disease
is set. Fitness values set to attribute values express the correspondence between
the attribute values and the disease.

The inference mechanism transforms attribute values to scores based on the
fitness values and weights. Let d be a disease and n(d) be the number of attributes
associated with the disease d in the knowledge base. The score S(d) for the
disease d is calculated as

S(d) =
∑n(d)

i=1 x(i)w(d, i)f(d, i, j)
∑n(d)

i=1 x(i)w(d, i)
, (1)

where

– x(i) is 1, if the value of ith attribute is known for the disease d, otherwise 0;
– w(d , i) is the weight value for the attribute i for the disease d; and
– f (d , i , j ) is the fitness value for the value j of the attribute i for the disease d;

the fitness value varies from 0 to 1.

The diseases with the highest scores are the best fits and suggested by ONE. To
handle uncertainty caused by missing values, ONE generates upper and lower
bounds for the score. The lower bound is calculated using the lowest fitness values
for the missing values and the upper bound using the highest fitness values for the
missing values. In addition to the scoring scheme, ONE uses necessary attribute
values attached to certain diseases. In order to be diagnosed as having a certain
disease, the case, which is processed, has to fulfill the requirements concerning
the necessary attribute values set for the disease.

3 Fitness Values Based on Frequency Distributions

In the present study, the fitness values were calculated from data. The data
were collected in the Department of Otorhinolaryngology at Helsinki University
Central Hospital. It contained 815 patient cases representing the six largest di-
agnostic groups in the database of ONE: Menière’s disease (nmd = 313; 38.4%),
benign positional vertigo (nbp = 146; 17.9%), vestibular schwannoma (nvs =
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130; 16.0%), vestibular neuritis (nvn = 120; 14.7%), traumatic vertigo (ntv =
65; 8.0%), and sudden deafness (nsd = 41; 5.0%). From each diagnostic group,
approximately 70% of cases were randomly selected to the training set. The rest
30% of cases formed the testing set.

The fitness values were calculated from the training data within the six di-
agnostic groups. For each attribute i, the frequency distribution was calculated.
The fitness value f (d , i , j ) was calculated as the proportion of the frequency
fr(d , i , j ) of the value j to the highest frequency fr(d , i , h) of the distribution:

f(d, i, j) =
fr(d, i, j)
fr(d, i, h)

. (2)

The fitness values for the attribute values not appearing in the cases of the
training data were set to 0. In order to calculate the fitness values, the continuous
attributes were discretized. The range of observed values was divided into k
equal-width bins [3]. The number of bins depended on the attribute.

4 Experimental Results

Effects of weight and fitness values on the resulting scores were examined. The
upper and lower bounds of the score and the necessary attribute values were
not employed in these experiments. The test cases were diagnosed using four
different weight and fitness value systems:

– Experiment 1: The weights and fitness values defined by experienced otoneu-
rologists were used. In this system, weights typically varied from 0 to 5. The
weight 0 means that the attribute does not concern the disease at all. Some
notably large weights were also used: for sudden deafness the attribute con-
cerning type of hearing loss with the weight 40, for traumatic vertigo the
attribute head trauma with the weight 200, and for vestibular schwannoma
the attribute concerning tumour in the acousticus nerve with the weight 200.

– Experiment 2: The weights defined by the otoneurologists and the fitness
values learned from the training data were used.

– Experiment 3: For the relevant attributes defined by the otoneurologists, the
weight values of 1 and the fitness values learned from the training data were
used.

– Experiment 4: All the 170 attributes were associated with the weight 1,
except those whose values were missing from all the training cases of the
diagnostic group. These missing attributes had the weight 0. The used fitness
values were learned from the training data.

In the Experiment 1, the test cases were diagnosed by ONE with the descriptions
of the six largest diagnostic groups in its knowledge base. In the Experiments
2-4, a classification system simulating the inference mechanism of ONE was used.
The system was implemented in the MATLAB computing environment [10].
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Table 1. True positive rates (%) from four experiments (TPR1 − TPR4 )

Diagnosis N TPR1 TPR2 TPR3 TPR4

Benign positional vertigo 44 59.1 61.4 61.4 65.9

Menière’s disease 94 62.8 80.9 80.9 94.7

Sudden deafness 12 66.7 91.7 91.7 66.7

Traumatic vertigo 20 95.0 100.0 25.0 80.0

Vestibular neuritis 37 81.1 70.3 70.3 75.7

Vestibular schwannoma 39 30.8 30.8 33.3 66.7

The disease with the highest score was considered as the result. For each
diagnostic group, the true positive rate (TPR) was calculated as the percentage
of correctly inferred cases:

TPR = 100
tpos

pos
%, (3)

where tpos is the number of correctly inferred cases and pos is the number of all
cases in the diagnostic group. The true positive rates from the four experiments
are shown in Table 1.

The scoring scheme 4 with the weights of 1 and the fitness values learned from
the training data produced the best true positive rate for benign positional ver-
tigo, Menière’s disease, and vestibular schwannoma (65.9%, 94.7%, and 66.7%,
respectively). In the case of Menière’s disease and vestibular schwannoma, the
true positive rate was notable larger (over 30%) compared to the true positive
rate of the scoring scheme 1, i.e., that obtained by ONE. Sudden deafness was
inferred best with the scoring schemes 2 and 3 in which the attributes defined by
the otoneurologists were used with the fitness values learned from the training
data. The weights of the attributes did not affect the inference results.

For traumatic vertigo, the weights defined by otoneurologists and the fitness
values learned from the training data produced the best results (TPR of 100.0%).
An essential attribute in inferring traumatic vertigo is head trauma that had
the weight of 200 in the scoring schemes 1 and 2. These schemes produced
very good results. If the weight of head trauma was reduced to 1, the true
positive rate decreased dramatically to 25.0%. However, when a larger group of
variables were used in the Experiment 4, a good true positive rate (80.0%) was
achieved again. For vestibular neuritis, the weights and fitness values defined by
the otoneurologists yielded the best true positive rate of 81.1%.
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5 Discussion

Possibilities to refine the knowledge base of the otoneurological expert system
ONE by acquiring knowledge from data were studied. The four different scoring
systems employed in the inference were formed using the knowledge acquired
from experts and the fitness values learned from the training data. The use of
the learned fitness values produced better results for benign positional vertigo,
Menière’s disease, sudden deafness, traumatic vertigo, and vestibular schwan-
noma. Vestibular neuritis was an exception with the best results produced by
the weight and fitness values defined by the experts.

In the case of sudden deafness, the relevant attributes defined by the otoneu-
rologists were important. This result coincides with the results of our earlier
study [13] concerning a subset of the current data set: Increasing the number
of attributes used in the decision tree construction produced lower true positive
rates for sudden deafness. The magnitude of weights was not important in the
case of sudden deafness, whereas the true positive rate for traumatic vertigo
decreased from 100.0% to 25.0% when the weights defined by the experts were
set to 1. This decrease can be explained by the attribute head trauma with the
weight of 200 in the scoring scheme 2. However, the use of the largest attribute
group with the weights of 1 in the Experiment 4 produced the good true pos-
itive rate (80.0%) for traumatic vertigo. For Menière’s disease and vestibular
schwannoma, the scoring scheme 4 with the largest attribute group yielded the
best results, which agrees with the results of our earlier study with decision
trees [13].

The above phenomena relate to the problem of attribute or feature subset
selection [9]: Which attributes should be used to describe learning data or in-
cluded in the learned models? Although a larger attribute set usually contains
more information, it does not necessarily produce better results. Future work
in the refinement of the knowledge base of ONE will include the use of feature
subset selection methods (e.g. [9,12]) to find good descriptions for the six otoneu-
rological diseases. It will also examine the employment of different discretization
and interpolation methods (e.g. [3,15], respectively) for continuous attributes.
Yet another future aim is to develop a method for weight definition based on
data. A scoring scheme that combines the weights and the fitness values learned
from data to the knowledge acquired from human experts is our ultimate goal.

To conclude, the results of this study suggest that the knowledge learned from
data is useful in refining the knowledge base. The refinement of a knowledge base
is a complicated task, in which the knowledge acquired from human experts is
also needed.
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Abstract. This paper presents new algorithms based on mathematical
morphology for the detection of the optic disc and the vascular tree in
noisy low contrast color fundus photographs. Both features – vessels and
optic disc – deliver landmarks for image registration and are indispens-
able to the understanding of retinal fundus images. For the detection
of the optic disc, we first find the position approximately. Then we find
the exact contours by means of the watershed transformation. The algo-
rithm for vessel detection consists in contrast enhancement, application
of the morphological top-hat-transform and a post-filtering step in order
to distinguish the vessels from other blood containing features.

1 Introduction

1.1 Outlines

In ophthalmology, the automatic detection of blood vessels as well as the detec-
tion of the optic disc may be of considerable interest for computer assisted diag-
nosis. Detecting and counting lesions in the human retina like microaneurysms
and exudates is a time consuming task for ophthalmologists and open to human
error. That is why much effort has been done to detect lesions in the human
retina automatically. Finding the main components in the fundus images helps
in characterizing detected lesions and in identifying false positives. Furthermore,
vessel detection is interesting for the computation of parameters related to blood
flow. The detection of the optic disc may be a first step in the early detection
of the glaucoma. Over and above that, the optic disc and the vessels can be
considered as landmarks of the fundus images, that may be used afterwards for
image registration of images taken at different times or using different methods
(as shown in [1]). To perform a robust feature based image registration, it is
indispensable to rely on a robust and fast algorithm for vessel detection.

J. Crespo, V. Maojo, and F. Martin (Eds.): ISMDA 2001, LNCS 2199, pp. 282–287, 2001.
c© Springer-Verlag Berlin Heidelberg 2001
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1.2 Some Morphological Operators

In this section we briefly define the basic morphological operators used in this
paper (see [2], [3]).

Let Df be a subset of Z
2 and T = {tmin, ..., tmax} be an ordered set of grey-

levels. A grey-level image f can then be defined as a function f : Df ⊂ Z
2 →

T = {tmin, ..., tmax}. Furthermore, let B be a subset of Z
2 and s ∈ N a scaling

factor, we can write the basic morphological operations as:
- Erosion:

[
ε(sB)(f)

]
(x) = minb∈sB f(x + b)

- Dilation:
[
δ(sB)(f)

]
(x) = maxb∈sB f(x + b)

- Opening: γ(sB) (f) = δ(sB)
[
ε(sB) (f)

]
- Closing: φ(sB) (f) = ε(sB)

[
δ(sB) (f)

]
We call sB structuring element B of size s. Furthermore we may define the

geodesic transformations of an image f (marker) and a second image g (mask):
- Geodesic erosion: ε

(n)
g (f) = ε

(1)
g ε

(n−1)
g (f) with ε

(1)
g (f) = ε(B)(f) ∨ g

- Geodesic dilation: δ
(n)
g (f) = δ

(1)
g δ

(n−1)
g (f) with δ

(1)
g (f) = δ(B)(f) ∧ g

- Opening by reconstruction: γrec
g (f) = δ

(i)
g (f) with δ

(i)
g (f) = δ

(i+1)
g (f)

- Closing by reconstruction: φrec
g (f) = ε

(i)
g (f) with ε

(i)
g (f) = ε

(i+1)
g (f)

2 Detection of the Optic Disc

2.1 Properties of the Optic Disc

The optic disc is the entrance of the vessels and the optic nerve into the retina.
It appears in color fundus images as a bright yellowish or white region. Its shape
is more or less circular, interrupted by the outgoing vessels. Sometimes it has
the form of an ellipse because of a non-negligible angle between image plane and
object plane. The size varies from patient to patient; its diameter lies between
40 and 60 pixels in 640× 480 color photographs.

2.2 State of the Art

In [5] the optic disc is localized exploiting its high grey level variation. This
approach has shown to work well, if there are no or only few pathologies like
exudates, that also appear very bright and are also well contrasted. In [6] an
area threshold is used to localize the optic disc. The contours are detected by
means of the Hough transform. This approach is quite time consuming and it
relies on conditions about the shape of the optic disc, that are not always met.

2.3 Algorithm Based on Morphological Operators

The Color Space Having compared several color spaces, we found the contours
of the optic disc to appear most continuous and less disturbed by the outgoing
vessels in the red channel fr of the RGB color space. As this channel has a very
small dynamic range and as we know that the optic disc belongs to the brightest
parts of the color image, it is more reliable to work on the luminance channel fl

of the HLS color space to localize the optic disc and on fr to find its contours.
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(a) (b) (c)

(d) (e) (f)

Fig. 1. The detection of the optic disc: (a) Luminance channel (b) Distance
image of the biggest particle (c) red channel (d) red channel with imposed marker
(e) morphological gradient (f) result of segmentation

Localizing the Optic Disc As we know approximately the size of the optic
disc and as we can assume that parts of it belong to the brightest parts of the
image fl, we apply a simple area threshold to obtain a binary image b, that
contains some parts of the optic disc as well as bright appearing pathologies like
exudates. Exudates are not very big, and they are far from reaching the size of
the optic disc. Hence, the biggest particle of the image b coincides with one part
of the optic disc. Its centroid c , that can be calculated as the maximum of the
discrete distance function of the biggest particle of b (shown in figure 1b) can be
considered as an approximation for the locus of the optic disc.

In a first step we filter the image fr in order to eliminate large gray level
variations within the papillary region. First we “fill” the vessels, applying a
simple closing p1 = φ(s1B)(fr) with a hexagonal structuring element s1B bigger
than the maximal width of vessels. In order to remove large picks, we open the
resulting image: p2 = γ(s2B)(p1). As this filter alters the shape of the papillary
region considerably, we reconstruct it: p3 = γrec

p1
(p2).

In order to detect the contours of the optic disc, we apply the classical wa-
tershed transformation [2] to the gradient ∆p3 = δ(B)p3 − ε(B)p3 of the filtered
image (shown in figure 1e) with c as internal marker and a circle among c with
radius bigger than the diameter of the papilla as external marker (see figure 1d).
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2.4 Results

We tested the algorithm on 30 color images of size 640× 480 containing various
pathologies. In all images, we could localize the optic disc with the proposed
technique. In 27 images, we also found the exact contours. However, in some
of the images, there were small parts missing or small false positives due to
their low contrast. In 3 images the contrast was too low or the red channel too
saturated, the algorithm failed and the result was not acceptable.

3 Detection of the Vascular Tree

3.1 Properties of the Vessels

Vessels appear darker than the background, their width is always smaller than
a certain value λ, they are piecewise linear and they are connected in a tree like
way. However these properties hold only approximately: Due to the presence of
noise, the vessels are often disconnected, and not each pixel on a vessel appears
darker than the background. The vessel borders appear often unsharp.

3.2 State of the Art

Much has been written about the detection of vessels in medical images; partic-
ularly for retinal images, matched filters [7], neuronal networks [5], a grouping
algorithm of edgels [8] and a combination of linear and morphological meth-
ods [9] have been proposed. Our main objective is to conceive a fast and robust
algorithm, the sensitivity being less important.

3.3 Vessel Detection Algorithm

In the following, we work on the green channel fg of the RGB color space,
because blood containing features appear most contrasted in this channel. In
order to eliminate the noise and small “walls”, that may disconnect the vascular
tree, we apply a simple Gaussian filter, followed by an opening of size 2.

Now we apply ϑg = TH [TM(g)] to the prefiltered image g, with the toggle-
mapping TM(g) (see [4])

h(x) = [TM(g)] (x) =
{

φ(s1B)g(x) , if
[
φ(s1B)g − g

]
(x) ≤ [

g − γ(s2B)g
]
(x)

γ(s2B)g(x) , if
[
φ(s1B)g − g

]
(x) >

[
g − γ(s2B)g

]
(x)

and the top-hat by closing TH(h) = φ(s1B)h−h with s1 equal for both operators.
We choose s1 in a way, that by applying φ(s1B) the vessels are completely “filled”.
Therefore, the gray-level value g(x) of a vessel pixel x is closer to the opening
than to the closing, and so it will be darkened, whereas the border pixels will
take the value of the closing (see figure 2). As φ(s1B)h = φ(s1B)g (see [4]), all
pixels that take the value of the closing in TM(g), take a 0 in the top-hat-image,
i.e. all holes extracted by the top-hat transform are disconnected.
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Fig. 2. The effect of the toggle-mappings: (a) shows a profile of an image with
three vessels and the corresponding opening and closing (b) shows the resulting
toggle-mapping

The rest is straightforward: Knowing that the vessels are piecewise linear we
can calculate the supremum of openings with big linear structuring elements Bi

(about 40 pixels) in different directions (we use the efficient recursive algorithms
proposed in [2]). In that way we remove all features, into which the linear struc-
turing element does not fit in any direction. As a result we obtain a set of uncon-
nected lines. We can recover the vascular tree by an opening by reconstruction
(for reconstruction operator see [2]):

γsup(ϑg) =
12⋃

i=1

γ(sBi) (ϑg) R = γrec
ϑg [γsup(ϑg)]

3.4 Results

We tested the algorithm also on the 30 color images. The results are fully sat-
isfactory in well contrasted images and still acceptable in low contrast images.
Smaller vessels, if not connected to the rest of the vascular tree are often missed,
which is not a drawback if vessel detection is used for image registration. There
are very few false positives. However, if there are a lot of hemorrhages and
microaneurysms, particularly if they are close to the vascular tree, another pre-
filtering step must be performed (an infimum of closings with linear structuring
elements of different directions, followed by a closing by reconstruction, see [9]).

4 Conclusion

Two new algorithms for automatic segmentation of fundus images of the human
retina have been presented in this paper. The optic disc and the vessels belong
to the main features in the human eye, their detection is indispensable to under-
standing ocular fundus images. The proposed algorithms shall be used as a first
step in image registration, for the identification of false positives in pathology
detection and for classification of the detected pathologies.
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Fig. 3. The results of the segmentation algorithms
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Abstract. We tackle the problem of discovering, without the “man-
ual” aid of an expert, implicit relations and temporal constraints from
a collection of dated events detected on temporally structured signals.
The approach associates tightly signal processing and symbolic learning
methods. It is illustrated on learning cardiac arrhythmias from ECGs.

1 Introduction

Signal processing specialists are often confronted to the problem of recogniz-
ing a sequence of events corresponding to the signature of a particular process
state. This difficulty may be even greater in biomedical domains where processes
behavior is poorly known and consequently the related scenarios that must be
recognized. This is the case in neurology, for instance, where the relation be-
tween electroencephalogram peaks (transient paroxistic events associated to the
pathology) and epilepsy crises is not well explained. This is also the case in car-
diology, where precursor signs of arrhythmias in sinusal beats are poorly known.
Then the question is: “if a relation exists between signals and process states,
how can it be automatically qualified?”.

At an abstract level, the problem is to discover from a collection of events
E = {E1, ..., En} occurring respectively at time {t1, ..., tn} the implicit relations
�(Ej , Ek) and the temporal constraints TC(tj , tk) between the events Ej et Ek.
To illustrate the idea, look at the process trace in figure 1. The problem is to
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Fig. 1. Temporally structured events
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discover that events of type E1 always precede events of type E4 with a temporal
delay 700 ms < ∆t < 900 ms, independently of events of type E2 and E3.

We propose to associate signal processing and machine learning to discover
such relations. The signal processing module abstracts the signal data into se-
ries of symbolic time-stamped events that an inductive logic programming (ILP)
learner processes in order to discover relevant and discriminant high-level tempo-
ral signatures called chronicles. The resulting descriptions are used as reference
patterns in an intelligent monitoring system which associates the signal process-
ing module mentioned before and a specialized matcher [3].

We illustrate our approach on the discovery of expert rules for recognizing
cardiac arrhythmias from electrocardiograms (ECG) [2]. Several attempts to
learn knowledge for monitoring cardiac patients have already been performed.
They use formalisms such as expert rules [1], neural networks [12], attributed
grammars [11,6] or fuzzy rules [7]. The originality of our approach lies in the
fact that we use symbolic events and explicit temporal constraints that makes
the knowledge more readable and understandable by the clinical staff.

In the next section we develop the proposed approach and give some details
about the signal processing and the machine learning techniques that are used.
Then we present some results obtained in the field of cardiology.

2 Associating Signal Processing with Machine Learning

An important constraint in biomedical domain is to express knowledge at an
abstraction level that is close to experts’ own knowledge in order to let them
assess the data. Very early, (expert) rules were recognized several advantages
such as simplicity, uniformity, transparency, readability, etc. These properties
make them desirable for applications such as on-line monitoring where signal
processing techniques are involved but also where information presentation is an
important aspect since they motivate the decisions. Rules are difficult to acquire
from experts and machine learning techniques have been proposed to achieve
this task. As first-order rules containing temporal constraints are the target,
inductive logic programming (ILP) appears the most adequate [9].

2.1 The Signal Processing Module

The signal processing module aims at transforming the numerical input sequence
into series of labeled symbolic events. More precisely, it aims i) at detecting and
at identifying the markers of the cardiac activity (P waves, QRS complexes),
and ii) at classifying waves in normal or abnormal classes. This information (oc-
currence time, wave duration, morphology, ...) is used to generate the symbolic
event sequence that will be used by the chronicle recognition module.

The QRS detection is achieved by Gritzali’s algorithm [4] which can be seen
as a generalization of several detectors combining different channels. Several
versions of the algorithm were tried, varying the number of ECG channels and
the combination method (distributed or centralized combination).
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651 p[normal]

836 qrs[normal]

1357 qrs[abnormal]

2528 p[normal]

2686 qrs[normal]

3203 qrs[abnormal]

4428 p[normal]

4577 qrs[normal]

...

Fig. 2. Events extracted from the bigeminy ECG on the left

The P wave detection is far more complex. The new approach that is used
here relies upon observing that the P , QRS and T waves in the ECG signal
have different morphologies that enables a reliable classification by a neural
network. After QRS complexes, high frequency noise and baseline wandering
have been adaptatively eliminated [5], peaks above a certain threshold that may
correspond to candidate P waves are looked for. Then, a multi-layered neural
network classifies the candidate waves as being a real P wave or noise.

Wave qualification into normal or abnormal is achieved by wavelet decompo-
sition, the results of which are fed into a probabilistic neural network. After this
final step, interesting waves are translated into symbolic events (see figure 2): a
label, p or qrs, an occurrence time and a qualification are assigned to events.

2.2 Learning Cardiac Arrhythmias from Symbolic Events

Machine learning covers inductive techniques that aims at discovering definitions
of a target concept from positive and negative examples of this concept. Inductive
logic programming (ILP) is such a technique that induces concepts as first-order
logical formulas. ILP has been successful at knowledge discovery in domains such
as molecular biology or engineering [9]. It can be viewed as searching a clause
space for hypotheses that respect a particular syntax specified by a learning bias.
The selected theories, i.e. sets of clauses, must be complete (they must cover all
the positive examples) and correct (they can’t cover any negative example).

ICL [10] proposes a high-level concept specification language called DLAB
in which the hypothesis language syntax can be defined. DLAB grammars are
preprocessed in order to generate candidate hypotheses from the most general to
the specific ones. We have used several DLAB specifications in order to induce
set of rules enjoying such properties as readability, efficiency or robustness. A
DLAB grammar consists in rule templates that fix the syntactic form of clauses
defining the target concept. It makes use of operators l-h: meaning that from
l to h elements must be taken from the list following the operator. The special
bound len, which represents the total length of the list, can also be used.

The notion of cardiac cycle is commonly used to define rhythm disorders. We
used this notion for bias specifications too. A rule expressing an arrhythmia is
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1 1-1:[

2 len-len:[p_wave(P1, 1-1:[normal, abnormal], R0),

3 qrs(R1, 1-1:[normal, abnormal], P1),

4 0-len:[rr1(R0, R1, 1-1:[short, normal, long]),

5 pr1(P1, R1, 1-1:[short, normal, long])]],

6 len-len:[p_wave(P1, 1-1:[normal, abnormal], R0),

7 pp1(P0, P1, 1-1:[short, normal, long])],

8 len-len:[qrs(R1, 1-1:[normal, abnormal], R0),

9 0-1:[rr1(R0, R1, 1-1:[short, normal, long])]]]

Fig. 3. Syntactic specification of a cardiac cycle in DLAB

composed of several successive cardiac cycles. As specified in figure 3, each cycle
is described as either a P wave followed by a QRS (lines 2-3), or an isolated P
wave (line 6), or an isolated QRS (line 8). Additional constraints on inter-wave
temporal intervals (PP, PR, RR) can be also added (lines 4-5, 7, 9).

3 Results

The goal of the experiments was to demonstrate that understandable and useful
arrhythmia specifications could be learnt from ECG temporal data. A second
objective was to assess the flexibility of using a declarative bias for imposing
desirable properties such as readability or robustness on induced concepts.

3.1 Data

Real ECGs were taken from the MIT-BIH database [8]. Three classes of examples
related to well-known arrhythmias were selected (left bundle branch block - lbbb,
Mobitz type II - mobitz2, bigeminy) plus a normal sinus rhythm. 20 ECG lasting
10s each were extracted for each class and translated into a symbolic form by
the signal processing module described above. A symbolic ECG example is a set
of events wave(Evt, Type, Time, Qual, P evt) stating that Evt is related to
a wave of type Type (p or qrs), which occurred at time Time, the shape of which
is Qual (normal or abnormal). P evt designates the event that precedes Event
on the ECG. It provides a temporal structure to the set of events.

3.2 Experiments

Learning Shortest Rules The first experiment was performed with a learning
bias imposing only one mandatory cycle. The induced rules are supposed to be
the most efficient ones for recognition as they involve the minimal number of
events. The results obtained after a 10-fold cross validation (10 learning rounds
on 90% of the examples and test on the remaining 10%) are shown in figure 4.
The resulting accuracy (the ratio number of correctly recognized/total number
of examples) was 100% for training as well as for test.
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class(bigeminy) :- %[17, 0, 0, 0], [0, 18, 18, 19]

qrs(R0, abnormal, _),

p_wave(P1, normal, R0), qrs(R1, normal, P1), rr1(R0, R1, long).

class(lbbb) :- %[0, 18, 0, 0], [17, 0, 18, 19]

p_wave(P0, normal, _), qrs(R0, abnormal, P0),

p_wave(P1, normal, R0), qrs(R1, abnormal, P1), rr1(R0, R1, normal).

class(mobitz2) :- %[0, 0, 16, 0], [17, 18, 2, 19]

p_wave(P0, normal, _), equal(P0, R0),

p_wave(P1, normal, R0), qrs(R1, normal, P1), pr1(P1, R1, normal).

class(mobitz2) :- %[0, 0, 2, 0], [17, 18, 16, 19]

p_wave(P0, normal, _), equal(P0, R0),

p_wave(P1, normal, R0), qrs(R1, abnormal, P1), pr1(P1, R1, normal).

class(normal) :- %[0, 0, 0, 19], [17, 18, 18, 0]

p_wave(P0, normal, _), qrs(R0, normal, P0),

p_wave(P1, normal, R0), qrs(R1, normal, P1), rr1(R0, R1, normal).

Fig. 4. Rules induced with a bias imposing 1 mandatory cycle, 2 optional cycles

The rules are expressed as Prolog clauses. For instance, the first rule says that
a bigeminy can be characterized by an abnormal QRS followed by a normal P
wave followed by a normal QRS and the temporal interval between the two
QRSs is long. Note, that this rule characterizes also trigeminy. As no examples
were given for trigeminy there is no reason that the induced rule discriminates
between bigeminy and trigeminy. This illustrates the fact that most general rules
are induced. The lists following the rule heads give respectively the number of
examples covered by the rule and the number of examples not covered by the
rule in each class (in the order bigeminy, lbbb, mobitz2 and normal).

Learning More Readable Rules As they represent recurrent phenomena,
some arrhythmias are often described by experts on several cycles, e.g. 3 or 4.
In this second experiment the number of mandatory cycles was set to 3. This
bias causes the rules to be more specific and eventually they cover less examples.
Sometimes, several rules are necessary to define a class, as for bigeminy:

class(bigeminy) :- % [13, 0, 0, 0], [5, 19, 17, 18]

p_wave(P0, normal, _), qrs(R0, normal, P0),

qrs(R1, abnormal, R0), rr1(R0, R1, short),

p_wave(P2, normal, R1), qrs(R2, normal, P2).

class(bigeminy) :- % [5, 0, 0, 0], [13, 19, 17, 18]

p_wave(P0, normal, _), qrs(R0, normal, P0),

p_wave(P1, normal, R0), qrs(R1, abnormal, P1),

p_wave(P2, normal, R1), qrs(R2, normal, P2).

The first rule corresponds to the usual bigeminy. The second rule illustrates
an interesting phenomenon. The examples covered by this rule refers to ECGs
where the ectopic beats occur between a P wave and the expected following
QRS. This explains the presence of a large QRS which reflects an abnormal
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ventricle activation. This illustrates the power ILP that is able to discover such
subtleties and use them for discrimination. Accuracy of 10-fold cross validation
was still 100% for training and test in this experiment. Such good results can be
explained by the fact that MIT-BIH records arenot noisy.

4 Conclusion

We have described how to associate signal processing and inductive logic pro-
gramming to learn structural patterns from real signals and illustrated the ap-
proach on learning cardiac arrhythmias. Since the domain of cardiology is well
known, specialists could assessed the relevance or readability of learnt results.
The learnt definitions discriminate between those classes for which examples are
given and only those. This explains why they are sometimes a bit strange to
clinicians used to definitions that discriminates between all known arrhythmias.
However, all learnt definitions were rated good and relevant.

The flexibility of the ICL bias language was demonstrated. This makes it
possible to tailor the learnt definitions to the particular context, explicative or
efficient monitoring, for instance. The rules could be adapted to an individual
patient by learning from his own ECGs or from arrhythmias he may suffer from.

A first extension of this work concerns taking into account multiple sources
of information, i.e. multichannel ECGs as well as ECGs associated with hemo-
dynamic signals. A second extension aims at applying the same approach to less
known domains such as EEG analysis or processing signals during anesthesia.
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Abstract. Ventricular tachycardia or fibrillation (VT) as fatal cardiac 
arrhythmias are the main factors triggering sudden cardiac death. The objective 
of this recurrence quantification analysis approach is to find early signs of 
sustained VT in patients with an implanted cardioverter-defibrillator (ICD). 
These devices are able to safeguard patients by returning their hearts to a 
normal rhythm via strong defibrillatory shocks; additionally, they are able to 
store at least 1000 beat-to-beat intervals immediately before the onset of a life- 
threatening arrhythmia. We study these 1000 beat-to-beat intervals of 63 
chronic heart failure ICD patients before the onset of a life-threatening 
arrhythmia and at a control time, i.e. without VT event. We find that no linear 
parameter shows significant differences in heart rate variability between the VT 
and the control time series. However, the results of the recurrence 
quantification analysis are promising for this classification task. 

1 Introduction 

Implantable cardioverter defibrillators (ICD) are a safe and effective treatment for 
ventricular tachycardia or fibrillation (VT) [I-31. These fatal cardiac arrhythmias are 
the main factors triggering sudden cardiac death. Therefore, an accurate identification 
of patients who are at high risk of sudden cardiac death is an important and 
challenging problem. Nowadays, third generation ICD offer not only important 
advances in arrhythmia treatment, but also permit the correct characterisation of the 
rhythm leading to intervention [4,5]. Additionally, they are able to store at least 1000 
beat-to-beat intervals immediately before the onset of a life-threatening arrhythmia. 

In this contribution we study the heart rate variability (HRV) of chronic heart 
failure ICD patients before the onset of a life-threatening arrhythmia and at a control 
time, i.e. without VT event. HRV parameters have been used to predict the mortality 
risk in patients with structural heart diseases [6,7]. Linear parameters only provide 
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limited information about the underlying complex system, whereas nonlinear 
descriptions often suffer from the curse of dimensionality. This means that there are 
not enough points in the time series to reliably estimate these nonlinear measures. 
Therefore, we favour measures of complexity which are able to characterise 
quantitatively the dynamics even in rather short time series [8-101. For ICD stored 
HRV data sets we found some evidence for predictability of VT in patients with a low 
number of ectopic beats [lo]. In this investigation, we apply the concept of recurrence 
quantification analysis to find some precursors independently from the ectopy. 

2 Methods 

2.1 Patients 

We studied the ICD stored 1000 beat-to-beat intervals before the onset of 131 VT 
episodes and at 74 control intervals without VT in 63 ICD patients of the Franz- 
Volhard-Hospital with severe congestive heart failure. No patient had received a class 
I or class I11 antiarrhythmic drug for 18+9 months prior to the study. Time series 
including more than one episode nonsustained VT, episode of induced VT, or 
ventricular pacing are excluded from the analysis. To estimate the amount of 
ventricular premature beats we use an adaptive filtering algorithm for preprocessing, 
which tends to be superior to standard algorithms [ l l ] .  The beat-to-beat intervals of 
the VT at the end of the time series were removed from the tachograms so that we 
analysed only the dynamics occurring immediately prior to VT. 

2.2 Standard heart rate variability analysis 

To detect early signs of life-threatening VT, we applied a multiparametric analysis. 
Before starting the analysis, ventricular premature beats and artifacts usually should 
be removed from the time series to construct the so-called "normal-to-normal" beat 
time series (NN). We used the adaptive filtering algorithm [ l l ]  for preprocessing of 
the data. As a basically analysis a certain number of standard HRV parameters from 
time and frequency domain were calculated (e.g. sdNN, pNN50, LF/HF) [12]. These 
standard parameters of HRV analysis are based on linear techniques. To classify 
dynamic changes in the time series, we present the following nonlinear concepts of 
recurrence quantification analysis outlined below. 

2.3 Recurrence quantification analysis 

Recurrence plots (RP) were firstly introduced to visualise time dependent behaviour 
of orbits in the phase space [13]. They represent the recurrence of the phase space 
trajectory to a state. The recurrence of states is a fundamental property of 
deterministic dynamical systems [14,15] - to quantify this effects Zbilut and Webber 
have introduced the recurrence quantification analysis (RQA) [16]. They define 
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measures using recurrence point density, diagonal segments and paling in the 
recurrence plot, recurrence rate, determinism, averaged length of diagonal structures, 
entropy and trend. Two of these parameters turned out to be of interest in this paper: 
the determinism and entropy. Determinism is defined as the ratio of recurrence points 
forming diagonal structures to all recurrence points. The entropy denotes the Shannon 
entropy of the histogram of diagonal line segment lengths and reflects the complexity 
of the deterministic structure in the system. First promising applications of the RQA 
method to heart rate variability data are described in [17-191. 

2.4 The intermittency approach 

The described measures are using only diagonal structures in the RP. However, a RP 
contains more geometrical structures which may contain important information. 
Therefore, we introduce measures quantifying also horizontal and vertical structures, 
which give qualitative information about laminar behaviour and intermittency. 

Analogous to the definition of averaged length of diagonal structures, we define the 
averaged length of vertical structures 

what we call trapping time TT. P(v) is the probability distribution of vertical line of 
length v; the computation of TT is realised for values of v which exceed a minimal 
length v,~,,. This was done to avoid the major influence of sojourn points, as described 
in [20]. TT emphasises parts of the RP with vertical lines represent laminar states in 
the system: A system consisting mainly of laminar (or trapped) states has a high TT, a 
system without laminar states has a very low TT. 
Similar the definition of the determinism [16], we can compute the ratio of the 
recurrence points forming the vertical structures, the so called laminarity L: 

The laminarity decreases if the RP consists of more single recurrence points than 
vertical structures. Finally, the Shannon-entropy of the distribution of the vertical line 
lengths P(v) is calculated which is a measure for the variability of the vertical 
structures. If there are vertical structures with varying lengths, the entropy will be 
high; a lot of vertical structures with the same (or similar) lengths will cause a small 
entropy. 
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3 Results 

3.1 Standard heart rate variability 

We observed 131 VT episodes in 63 patients. Sixty-four episodes were not included 
because of atrial fibrillation, permanent pacing, incessant VT, incomplete storage of 
episodes, or storage artifacts. The remaining 67 VT episodes and 47 control series 
from 46 patients comprise the report. The mean VT cycle length was 310k53 ms. 
Comparing the HRV parameters of all 67 VT and 47 control time series, only the 
mean sinus rhythm cycle length showed differences, the time series leading to VT had 
a significantly shorter cycle length (meanNN 694.4k138.1 ms), than the control time 
series (meanNN 760.8k140.2 ms). The ectopy time, calculated as the sum of the 
coupling interval and the following pause of all premature beats, did not differ 
between the VT and control time series. The ectopy time of the VT group was 
96.0k129.9 sec according to 14% of all 1024 beat-to-beat intervals and 68.2k98.1 sec, 
according to 9% of the control time series (p>0.05). 

3.2 Recurrence quantification analysis 

All parameters described in section 2.3. were calculated for the heart rate data before 
VT and at a control time. Embedding dimensions were chosen from 3 to 15, the delay 
equal to 1, radii from 5 to 50 % for a relative scaling approach and radii ranging from 
10 to 100 ms for absolute scaling. This investigation was a totally exploratory data 
analysis, we had to be aware of multiple testing problems in the statistical analysis. 
Nevertheless, we found some significant differences between both groups of time 
series (see table 1). 

Table 1. Significant parameters in the RQA approach. The statistical analysis was 
based on the two-sided t-test as well the non-parametric Mann-Whitney-U-test. 

Parameter Embedding dimension Radius P 
Absolute scaling 
Entropy 4 10 <0.05 
Determinism 12 20 <0.01 
Determinism 13 30 <0.05 
Entropy 14 40 <0.05 
Determinism 15 70 <0.05 
Relative scaling 
Determinism 15 5 <0.01 
Determinism 15 10 <0.01 
Determinism 5;6 15 <0.05 
Entropy 10 20 <0.05 

As one can see, significant results were obtained only for small radii and for high 
embedding dimensions. Figure 1 shows a typical example for the distribution of the 
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RQA parameter. Significant differences were found because of zero recurrences in the 
control group 0. These results are in agreement with our findings in [lo], 
intermittently decreased epochs of short HRV before VT lead to higher number of 
recurrences. 

GROUPNO 0 GROUPNO 1 

1 

ENTROPY I ENTROPY 

Fig. 1. The distributions of the entropy parameter for control group 0 as well as for VT group 1 
:alculated with an embedding dimension of 4 and a radius of 10 (absolute scaling). 

Using the intermittency approach we could detect 8 VT time series out of all series 
ivhich show extremely laminar behaviour. Non of the remaining data sets, neither 
control nor VT series, showed such short epochs with intermittently decreased HRV. 

In a next step we tested the hypothesis if there is a correlation between the VT 
cycle length and some recurrence parameters before the onset of this VT. For small 
embedding dimensions and a fixed radius we found a increasing laminarity with 
increasing VT cycle length (see fig. 2). This means that serious VT with slow cycle 
length are characterised by a lower laminarity. 

280 380 

VT cycle length 

Fig. 2. The relation between the laminarity and the VT cycle length for an embedding 
dimension of 1 and a radius of 10 (absolute scaling). 
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4 Discussion 

We identified significant differences in the dynamic behaviour of beat-to-beat 
intervals between the VT and control time series by means of RQA parameters. They 
reflect increased short laminar phases with low variability in patients with congestive 
heart failure preceding the onset of VT. 

Another important findings in this study were the significant RR interval 
differences before the onset of slow and fast VT. The onset of slow VT was 
characterised by a significant increase in heart rate and an increase in laminarity. We 
assume that these differences illustrate a different role of autonomic regulation prior to 
the start of VT in both groups. Whereas slow VT began during sympathetic activation 
the fast arrhythmias were preceded by decreased heart rates and a low degree of 
laminarity. 

Limitations of our study were the relatively small number of time series and the 
subsequently limited statistical analysis in terms of subdivisions concerning age, sex, 
and heart disease. Thus, these results must be validated with a larger data base. Our 
data offer the possibility of developing automatic ICD algorithms based on nonlinear 
dynamic HRV parameters. 
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Abstract. In recent years, a number of algorithms have been developed
for learning the structure of Bayesian networks from data. In this paper
we apply some of these algorithms to a realistic medical domain—stroke.
Basically, the domain of stroke is taken as a typical example of a med-
ical domain where much data are available concerning a few hundred
patients. Learning the structure of a Bayesian network is known to be
hard under these conditions. In this paper, two different structure learn-
ing algorithms are compared to each other. A causal model which was
constructed with the help of an expert clinician is adopted as the gold
standard. The advantages and limitations of various structure-learning
algorithms are discussed in the context of the experimental results ob-
tained.

Keywords: Bayesian networks, machine learning, knowledge discovery,
medical decision support systems.

1 Introduction

Predicting the outcome of patients with serious stroke is a challenging problem
for clinicians as stroke is a life-threatening condition. Even though predicting
both short and long-term outcome in patients with stroke is clinically very rel-
evant, in particular for selecting optimal treatment of a patient, it is currently
not supported by statistical models. There is substantial scientific evidence that
both short and long-term outcome are determined by a bewildering number of
different factors, such as medical history, family circumstances, and facilities
for rehabilitation. The purpose of our project is to get more insight into which
factors are important, and in what way these factors interact to give rise to a
particular outcome.

Graphical probabilistic models, such as Bayesian networks, have become pop-
ular modelling tools for supporting decision making under uncertainty in recent
years. On the one hand, they have the virtue of being sufficiently intuitive to ren-
der it possible to construct Bayesian networks with the help of domain experts.
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Both their structure, or topology, and an associated joint probability distribu-
tion can be elicited from experts [6]. On the other hand, both topology and joint
probability distribution can be learnt from data [2]. Experience with structure-
learning methods so far indicates that learning is feasible for large datasets with
few missing data. In medicine, however, datasets usually only include a few hun-
dred cases, and they normally also contain at least some missing data. This is
considered characteristic for a realistic medical domain. The question therefore
arises how far one gets with learning Bayesian network topologies from data in
the context of realistic medical domains. In this paper, we attempt to answer this
question by adopting stroke as an example domain, taking a Bayesian network,
which was developed on the basis of a causal model designed with the help of a
medical specialist, as a point of reference.

The remainder of the paper is organised as follows. Section 2 introduces
previous research in learning Bayesian networks from data. In Section 3, we de-
scribe the subject of stroke, and present the methods used in our study. Section 4
presents the results obtained by using different structural learning methods. In
Section 5, we will discuss what has been achieved, and relate these results to the
problem of learning Bayesian-network structure in the medical domain.

2 Previous Research

A frequently used procedure for Bayesian network structure construction from
data is the K2 algorithm [2]. Given a database D, this algorithm searches for the
Bayesian network structure G∗ with maximal Pr(G, D), which is determined as
described below [2]. Let V be a set of n discrete variables, where a variable Vi ∈ V
has ri possible value assignments: vi

1, . . . , v
i
ri

. Let D contain m cases, where
each case contains a value assignment for each variable in V . Let G contain
just the variables in V , and BPr the associated set of conditional probability
distributions. Each node Vi ∈ V (G) has a set of parents π(Vi). Let wij denote
the jth unique instantiation of π(Vi) relative to D. Suppose there are qi such
unique instantiations of π(Vi). Define Nijk to be the number of cases in D in
which variable Vi has the value vi

k and π(Vi) is instantiated as wij . Let Nij =
Σri

k=1Nijk. If given a Bayesian network model, assuming that the cases occur
independently and the density function f(Pr |G) is uniform, then it follows that

Pr(G, D) = Pr(G)
n∏

i=1

qi∏
j=1

(ri − 1)!
(Nij + ri − 1)!

ri∏
k=1

Nijk!

The K2 algorithm assumes that an ordering on the variables is available and
that all structures are equally likely. For every node Vi it searches for the set of
parent nodes that maximises the following function:

g(i, π(Vi)) =
qi∏

j=1

(ri − 1)!
(Nij + ri − 1)!

ri∏
k=1

Nijk!
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K2 starts by assuming that a node lacks parents, after which in every step it
adds incrementally that parent whose addition most increases the probability of
the resulting structure. K2 stops adding parents to the nodes when the addi-
tion of a single parent cannot increase the probability. It is a typical search &
scoring method. Other algorithms include the one implemented in the Bayesian
Knowledge Discoverer (BKD) system [7] and the MDL algorithm [4].

A learning method which takes an entirely different approach is dependency
analysis. In this method, we can get a collection of conditional independence
statements from a Bayesian network by using the Markov condition. These condi-
tional independence statements also imply other conditional independence state-
ments using the independence axioms [6]. By using a concept called direction
dependent separation, or d-separation, all the valid conditional independence re-
lations can also be directly derived from the topology of a Bayesian network. The
so-called information-theoretical algorithm implements dependency analysis [1].

In this paper, we study the practical usefulness of the above two methods for
constructing topologies in the stroke domain.

3 Patients and Methods

A dataset with data of 327 patients with stroke was collected by the clinicians.
Originally, the dataset contained 140 attributes, among others admission infor-
mation and personal detail. Of these attributes, 29 variables were selected based
on a study of the literature on stroke, indicating which of the factors might be
relevant in assessing the outcome of stroke.

We have constructed a causal model with the help of a clinical expert in
the subject of stroke, and used this causal model to guide the development
by hand of an associated Bayesian network. The resulting Bayesian network is
shown in Fig. 1. As the search algorithms described above are not perfect, and
most medical datasets are not large, the relations among variables can hardly
be expected to be discovered completely and correctly. It is even harder for
our stroke dataset, because there were much missing data in the dataset. This
explains why we studied the extent to which the developed causal model was
able to guide the process of learning the topology of Bayesian networks.

A simple similarity measure, which is the structure similarity measure, was
defined to assess the quality of a once learnt structure in comparison to a refer-
ence topology. Let C be the n×n adjacency matrix representation of a directed
graph G (i.e. cij = 1 if Vi −→ Vj ; otherwise cij = 0), with |V (G)| = n. Let
s(C) =

∑
i,j cij be the sum of all components of matrix C. Furthermore, we

define the conjunction
∧

of two adjacency matrices C and C′ as: D = C
∧

C′,
with dij = cij ∧ c′ij . Then, the structure similarity measure for two graphs G

and G′ is defined as δ(G, G′) =
s(C

∧
C′)

s(C) , where C is the adjacency matrix asso-
ciated with G and C′ is the adjacency matrix associated with G′. For example,
consider the two Bayesian network structures with three nodes Vi, i = 1, 2, 3,
and associated adjacency matrices shown in Fig. 2. It is easily seen that in this
case δ(G, G′) = 0.5.
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Fig. 1. Bayesian network built with the help of an expert clinician

V1

V3

V2

[
0 1 0
0 0 0
0 1 0

]

V1

V3

V2

[
0 1 0
0 0 0
0 0 0

]

Fig. 2. Two Bayesian network structures with associated adjacency matrices

In many situations, the direction of an arc between two nodes is not im-
portant, as essentially the same d-separation information is expressed. However,
the similarity measure δ(G, G′) does not reflect this, and may therefore result
in a measure which is lower than it actually should be. For example, the struc-
tures V1 −→ V2 −→ V3 and V1 ←− V2 −→ V3 are equivalent, yet δ(G, G′) = 0.5.
To take this into account, we define another similarity measure. In this measure,
we make use of the operator

⊗
; we have that D = C

⊗
C′ with dij defined as

follows: dij =
{

0.5 if cij ∧ c′ji = 1
cij ∧ c′ij otherwise . The resulting measure, called the undi-

rected structure similarity measure is defined as ε(G, G′) =
s(C

⊗
C′)

s(C) . Of course,
not in all situations are the directions of the arcs unimportant, so the ε measure
yields an upper-bound to an accurate similarity measure.

So far, we have considered measures which focus on the structure of a
Bayesian network. However, one could argue that it is the probability distribution
which will matter most in the end. In order to measure the discrepancy between
an independency statement as encoded in the probability distribution of a refer-
ence topology, say P (V), and the learnt structure from a dataset, say P ′(V), one
can use the Kullback-Leibler divergence measure [3]. In essence, this discrepancy
is measured for the entire joint probability distribution of two Bayesian networks,
where one of the probability distributions is taken as the true distribution. Here
we take the expert-based network topology with probabilities learnt from data
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Fig. 3. Two learnt Bayesian Network structures

as the true one. The Kullback-Leibler divergence measure I(P, P ′) is defined as
I(P, P ′) =

∑
V P (V) log P (V)

P ′(V) .
Two different Bayesian network structures were generated from the stroke

dataset. The first one, shown in Fig. 3(a), was constructed using BKD, without
using any domain knowledge to guide the learning process. The other structure
was learnt by BNPowersoft [1], taking a total order among the variables as a
starting point, which was derived from the causal model. The resulting graph
structure is shown in Fig. 3(b).

4 Results

The Bayesian-network topologies learnt using BKD and BNPowersoft are com-
pared to each other in this section, taking the causal model designed with the
help of the expert as a point of reference. BKD yielded a structure, essentially
discovering 37 arcs, of which 30 additional and 27 missing in comparison to
the expert’s causal model. BNPowersoft was able discover 39 arcs, of which 23
additional and 25 missing.

Next, we applied the above methods to measure the similarities between the
reference topology and the learnt structures. The results are shown in Table 1.

As is shown in the table, all of the three measures are better for the struc-
ture learnt by BNPowersoft. The main reason for this is that we utilised expert
knowledge before the structure was learnt using BNPowersoft. So, it appears

Table 1. Comparison between structure learning results

Structure learnt Structure learnt
Method with BKD with BNPowersoft Ratio

δ 0.20 0.486 2.43

ε 0.45 0.729 1.62

I 0.66 0.320 2.06
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that the quality of the learnt network improves significantly when guided by
expert knowledge. We have tried to use objective methods to verify that state-
ment. Interestingly, the ratio for the Kullback-Leibler divergence measures lies in
between the ratios obtained for the two structural methods, which simply com-
pared the structures of the graphs. Computing the Kullback-Leibler divergence
is quite expensive, as one needs to go through all probability tables. Computing
the structure similarity measures is cheap and straightforward, and seems to
convey sufficient information.

5 Discussion

In this paper, we have investigated the relative merits of machine-learning ap-
proaches versus knowledge acquisition and modelling in the clinical context of
realistic medical domains. The advantages of machine-learning approaches are
obvious in that they save time compared to explicit modelling. But it is also
obvious that precision cannot be guaranteed, as is demonstrated by our results.
This situation is typical when using a small dataset in constructing Bayesian
networks. Because there were also a lot of missing data in the stroke dataset,
the results became unavoidably worse.

Despite the fact that the learning algorithms are of limited value for a dataset
such as our stroke dataset, they did discover some important causal relationships
between variables. It may be expected that better results are obtained when the
dataset grows larger, whereas improving the learning algorithms by making them
somewhat less approximate may also help. Furthermore, the quality of a learnt
Bayesian network is greatly improved when utilizing expert knowledge in the
context of learning. Certainly for a realistic medical domain it will be essential
to exploit expert knowledge as much as possible when learning Bayesian networks
from data.
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