Methods of Information in Medicine

© F K. Schattauer Verlagsgesellschaft mbH (1999)

J. Laurikkalal, M. Juholal,
S. Lammi?, K. Viikki!

Department of Computer Science,
University of Tampere,
?Department of Computer Science
and Applied Mathematics,
University of Kuopio,

Finland

1. Introduction

The differential diagnosis of female
urinary incontinence is a difficult clas-
sification problem, which involves
the evaluation of medical history,
manual measurements and urodynami-
cal testing, to assign the data of an in-
continent woman into one of the diag-
nostic classes. We intended to develop a
medical expert system, not solely to as-
sist physicians who are specialized
in this area, but also to help general
practitioners who, from time to time,
encounter women suffering from uri-
nary incontinence. A newly built gen-
etic algorithm-based machine-learning
system, Galactica [1, 2], will be included
as an integral part in the expert system
and will be used to discover automati-
cally expert knowledge from databases.

The purpose of this study was to
compare the Galactica system with a
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variety of methods used in medicine to
build classifiers [3] that predict the class
of a case on the basis of case information.
In classification terminology, a case is
often referred to as an example and it is
described by attributes (parameters
used in the diagnosis) that have one or
more values, selected from a specified
set of domain values. Methods chosen
for comparison fall basically into two
categories, being either statistical tech-
niques or machine learning. Although
occasionally it is impossible to allocate a
particular method into a single catego-
ry, some general guidelines exist to
help in the differentiation [4]. Many of
the statistical methods are parametric,
assuming some form of the model and
then estimating appropriate values for
the model’s parameters from the data.
Statistical methods also typically focus
on tasks in which all attributes have or-
dinal or continuous values.

Statistical methods include logistic
regression and discriminant analysis 5],
two basic tools of medical research, and
k-means cluster analysis [6], which also
possesses some characteristics of unsu-
pervised machine-learning methods.
The C4.5 decision-tree generator [4]
was selected as a competing machine-
learning technique, because it is one of
the most powerful learning algorithms
available and is widely used as a bench-
mark for new approaches. Whitley et
al. recommended that a simple hill-
climbing algorithm should be included
in any comparison involving evolution-
ary algorithms, such as genetic algorith-
ms, to provide baseline results for the
test problem [7]. For this reason, Davis’
random bit climber (RBC) [8] was also
included as one of the comparison me-
thods.

A neural network [9] is probably
the best known machine-learning ap-
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Fig. 1 The typical genetic algorithm.

proach, but this technique had to be
excluded because there were not
enough cases. A well-known heuristic
method for defining the minimum
number of examples needed to train a
neural network is as follows: Sum the
connections between subsequent layers
and multiply by 10 [10]. For example, a
neural network having 13 input nodes, a
hidden layer of 10 nodes and three out-
put nodes would perhaps have been
appropriate. However, for this network
the training alone would have required
1,600 ([13 X 10 + 10 X 3] X 10) cases,
which is approximately 3-times the
number of the available female urinary
incontinence cases.

Genetic algorithms [11-15] are ro-
bust search algorithms, utilizing loosely
the principles of natural selection and
natural genetics. The four distinct prop-
erties [13] of the genetic algorithms
are the sub-symbolic coding of a prob-
lem, search from the population of
chromosomes which are also known as
solutions or individuals, “blind” search,
based only on the fitness of the chromo-
somes and use of stochastic operators.
Figure 1 illustrates the functioning of a
typical genetic algorithm. First, the
initial population, which usually con-
sists of binary strings, is created. Then,
the fitness of each chromosome in the
population is calculated. The fittest
chromosomes are selected as the pa-
rents for the next generation. Pairs of
children are produced by exchanging
the parts of parents with the crossover
operator. In addition, small changes are
made to the children with the mutation
operator. The genetic algorithm loops
until the pre-determined terminating
condition is fulfilled.

Genetic algorithms offer many ad-
vantages [13, 16, 17], such as conceptual

Table 1

Attribute Values Missing values (%) Names,
values and the

Urine in vagina Yes, No 0.2 amount of missing
data of the

Urgency score Low, High 274 differential
diagnostic attributes

Post voiding residual Normal, High 204 of female urinary

. . . . incontinence.
Probability of motor urge incontinence  High, Low 63.4
Cystometry Normal, Abnormal  20.9

Pressure transmission ratio

Normal, Abnormal  34.5

Minimum urethral closure pressure Negative, Positive ~ 24.0
Stress sign Yes, No 21.9
Mobility of urethrovesical junction Normal, Abnormal  36.2
Uroflowmetry Normal , Abnormal  97.0
Cystoscopy Normal, Abnormal  90.4
Stress symptom Yes, No 0.4
Continuous loss of urine Yes, No 0
Difficulties with voiding Yes, No 0
Urge symptom Yes, No 0.8

simplicity, robustness, broad applicabil-
ity and the potentiality to hybridize with
other methods, but they also suffer
from some drawbacks [7, 18, 19] includ-
ing limitations in current test se-
quences, optimal parameter settings
and, to some extent, weak theoretical
foundations. There are few compara-
tive studies for the use of genetics-based
machine learning in medicine. Bonelli
et al. [20] compared a classifier system
[13] with a CN2 logic-reduction system
and a neural network for three medical
domains. All systems performed very
similarly in induction tasks with a slight
advantage in favor of neural networks.
Janikow [21] found that GIL system
was able to perform competitively with
human experts, the AQ15 system and
the ASSISTANT decision-tree genera-
tor, when applied to learning recur-
rence prognosis for breast cancer from
patient data. Congdon [22] showed that

genetic algorithms outperformed other
methods in the diagnosis of coronary
artery disease in terms of descriptive
ability, although decision trees (ID3,
GID3* and OBtree) were faster and
produced simpler individual rules.
Unsupervised learners Autoclass and
Cobweb were recognized by her as
being inappropriate for the needs of
common-disease researchers. All sys-
tems predicted unseen cases poorly,
probably because of the complexity of
the problem.

2. Materials and Methods
2.1 Incontinence Data

The classification methods were
tested on the female urinary inconti-
nence data set that was collected retro-
spectively in the Department of Obstet-

Table2 Number
of positive P

and negative
N examples in the

learning and
testing data sets.

Diagnosis Learning set Testing set Both sets

P N Total | P N Total | P N Total
Stress 228 142 370 95 65 160 323 207 530
Mixed 96 269 365 44 121 165 140 390 530
Sensoryurge | 21 349 370 12 148 160 33 497 530
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rics and Gynecology of Kuopio Univer-
sity Hospital, Finland. The examples in
the data set are characterized by 15
binary-valued attributes which are de-
scribed in Table 1. In addition, a class
attribute identifies the class (diagnosis)
of an example. More detailed represen-
tations of the class attribute and diag-
nostic attributes can be found in [23, 24].

It is inevitable that most real-world
data sets contain missing values. Also
the incontinence data set has a substan-
tial amount of data missing for a variety
of reasons (Table 1). Sometimes, the
diagnosis has been reached without all
possible tests or measurements. It is
also possible that there has not been
time for some measurements, or equip-
ment has been unavailable or out of
order. Since there were not enough
complete examples for a reliable statis-
tical analysis, some method had to be
applied to replace the missing values.
One method is simply to remove an
attribute from the data. This policy was
applied to two attributes (Uroflow-
metry and Cystoscopy) since these had
the most missing values.

The missing values of the remaining
13 attributes were replaced with the
means calculated from all the available
values in the data set. The means were
rounded off to the nearest integer
value. There exist more advanced
methods, such as regression imputation,
Expectation-Maximization (EM) im-
putation, and multiple imputation, to
treat missing values in data [25, 26].
However, means imputation was used,
because it is a quick and simple method
to replace missing values. In addition,
we found in recent tests that means im-
putation produced results quite similar
to the results obtained from the more
advanced methods [24].

2.2 Comparison Metric

Accuracy (the percentage of correct-
ly classified examples from all exam-
ples) [21, 22] was selected as the metric
for the comparison of classifiers pro-
duced by different methods. In our re-
search, we were mainly interested in pre-
diction accuracy [22], because usually
classifiers are evaluated on the basis of
their ability to identify correctly unseen
cases. Descriptive accuracy [22], which
measures the classification accuracy in

known data, was of lesser importance.
Examples were assigned randomly in
the learning and testing data sets in the
70%/30% ratio often employed [20, 21],
and during the splitting process the
class attribute was converted to binary
form by marking examples as positive
or negative with respect to the diagnosis
to be learned. Data sets were formed in
this way for the three most frequent
diagnoses in the data set: stress, mixed
and sensory urge incontinence (Table
2). Since other diagnostic classes, motor
urge incontinence (N=16) and normal
(N=18) were rare, classifiers were not
built for these diagnoses in the compari-
son.

2.3 Machine Learning Systems

C4.5 [4] is an inductive decision-tree
generator, which takes as its learning
input examples described with attrib-
utes having a discrete or continuous do-
main. All examples belong to one of
mutually exclusive classes. The learning
output is a decision tree where leaves
represent classes and nodes are tests
based on attributes. The decision tree is
constructed using a top-down approach
which starts from the root of the tree
and is applied recursively until the tree
is complete. At each step of the building
process, the attribute which divides the
learning set in the best possible way, in
terms of gain ratio, is selected to be
the test of the node. Overly complex
decision trees can be reduced with prun-
ing and when further simplification is
needed, unpruned trees may be convert-
ed to rules. The conversion to rules is
not straightforward knowledge reformu-
lation, because rules are also general-
ized by deleting conditions, which seem
to be irrelevant to the classification.

Galactica [1, 2] utilizes a genetic
algorithm to learn inductively rules
from pre-classified examples, which are
characterized by discrete attributes.
Knowledge is represented in sub-sym-
bolic chromosomes for the genetic algo-
rithm and in symbolic rules for humans.
For example, a rule for the stress incon-
tinence diagnosis might be: [Urine in
vagina = No] AND [Stress symptom =
Yes] AND [Difficulties with voiding =
No] AND [Urge symptom = NoJ. The
genetic algorithm maintains a popula-
tion of variable-length chromosomes

from which the fittest individuals are
selected for reproduction. The parents
are modified with the crossover and
mutation operators to generate a new
generation. After the genetic algorithm
has terminated, chromosomes can be
decoded as symbolic rules for examina-
tion.

The chromosomes are coded as
binary strings so that for each condition
there are reserved as many bits as the
corresponding attribute has values, and
the condition bit is set to one if the at-
tribute has a corresponding value,
otherwise the bit is set to zero [21, 27]. If
an attribute does not exist in a rule, all
of its value bits are turned to one, that
is, the attribute can have any value and
is therefore meaningless. Since the 13
attributes were binary valued, the
chromosomes consisted of 26 ones
or zeroes. The sub-symbolic coding
for the previous rule would be:
01111111111111111110110101. The or-
der of the attributes is the same as
shown in Table 1. The first two bits are
reserved for the urine-in-vagina attrib-
ute: the first bit corresponds to value
“Yes” and the second bit corresponds
to value “No”. The last two bits in the
chromosomes are reserved for the urge
symptom attribute.

The fitness of a chromosome is most-
ly based on the number of positive and
negative examples covered in the learn-
ing set. The fitness increases as the
positive cover grows and the negative
cover diminishes. In addition, the com-
plexity of chromosome affects slightly
the fitness of a chromosome; the sim-
pler chromosomes are considered better
than the more complex ones. A binary
coded example is covered by the chro-
mosome when the logical AND opera-
tion between the example and the
chromosome returns the example un-
changed. In other words, the example is
covered if the attribute values both in
the example and chromosome match.
Missing values do not prevent classifica-
tion, because match is considered to
happen when an attribute is absent in
the example or chromosome, or when
the attribute is absent both in the exam-
ple and chromosome.

Random bit climber (RBC) [8] modi-
fies rules which are presented in binary
strings as in the Galactica system.
Search starts from a random position
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Table 3

Method Diagnosis Mean
- Descriptive D
Stress Mixed Sensory urge | accurac; L.
v ur Hraey and prediction P
D P D P D P D P accuracy (%) of
classifiers obtained
k-means cluster analysis | 73 74 64 71 65 59 67 68 . .
with different
Discriminant analysis (87 96 86 81 89 89 |87 89 methods from the
repaired female
Logistic regression 89 93 87 86 95 92 90 90 urinary incontinence
data.
C4.5 (tree) 90 93 89 82 97 93 92 89
C4.5 (rule) 90 93 89 86 97 93 92 91
Galactica 86 95 86 82 93 94 88 90
Random bit climber 81 88 85 82 92 92 86 87
Mean accuracy 85 90 84 81 90 87

where a bit is flipped, and also the fol-
lowing bits are selected randomly. If a
change produces a better solution, it is
accepted and search continues using
this solution until a new improvement is
found or every bit has been changed.
When all bits have been flipped, a new
random sequence is generated. If no
improvement was found during bit-flip-
ping, the search has located a local op-
timum and, therefore, a new random
solution is generated [7].

2.4 Experimental Setup

The statistical analysis was conduct-
ed with the repaired stress, mixed and
sensory urge data using the statistical
software package SPSS for Windows
6.1.3. A logistic regression model was
constructed with the Backward elimina-
tion method and discriminant analysis
was done with the Stepwise method to
leave only the statistically significant at-
tributes in the model. The accuracy of
the models generated by both methods

was calculated in the testing sets using
the function coefficients and the cut-off
values obtained from the learning sets.
In cluster analysis, all attributes were
left in the model and the final clusters
formed from the learning set were used
to classify examples in the testing sets to
either of the two clusters.

Machine learning systems and RBC
were applied to both the incomplete
original and the complete repaired data.
C4.5 was run on a Sun SparcStation
with basic configuration to produce
pruned trees and rules. Galactica had
the following control parameter values:
population size = 100, generations
100, probability of mutation = 0.001 and
probability of crossing-over chromo-
somes = 0.5 [12]. Initial populations
were generated in a totally random
manner and the best solution in each
generation was moved without modi-
fications into the next generation. RBC
was allowed to pass the random muta-
tion sequence 100 times.

Table 4 Descriptive

Method Diagnosis Mean A
D and prediction P
Stress Mixed Sensory urge | accuracy accuracy (%) of
5 5 5 3 5 3 5 classifiers obtained
P with different
C4.5 (tree) 8 97 8 8 9% 93 |91 92 methods from the
original female
C4.5 (rule) 87 96 87 80 96 93 90 90 urinary incontinence
data
Galactica 85 93 87 82 89 87 87 87
Random bit climber | 77 84 86 82 89 87 84 84
Mean accuracy 84 93 87 83 93 90

3. Results

The prediction and descriptive accu-
racy of the classifiers obtained from
the repaired data are shown in Table 3.
Discriminant analysis and Galactica
had the best prediction accuracy for
female urinary stress incontinence.
Logistic regression and C4.5 with rules
produced the most accurate classifiers
for mixed incontinence. C4.5 and
Galactica classified the sensory urge
diagnosis with the highest prediction
accuracy. The best overall performer
was C4.5 with rules, the second best
being Galactica and logistic regression.
RBC achieved unexpectedly good re-
sults. Instead, k-means cluster analysis
achieved the lowest prediction accuracy
in all data sets and was also the worst
overall performer. The machine-learn-
ing systems and RBC were also tested
on learning classifiers from the incom-
plete original data (Table 4). Both trees
and rules of C4.5 slightly outperformed
Galactica, while RBC produced less
accurate results than the other methods.
Decision trees produced by C4.5 had
the highest prediction accuracy in all
data sets formed from the original data.

Due to their stochastic nature, Ga-
lactica and RBC occasionally produced
very accurate results. For example, the
best rule that RBC learned from origi-
nal stress incontinence data had 94%
prediction accuracy. Unfortunately,
randomness leads also to clearly sub-
optimal results. Therefore, the accuracy
of Galactica and RBC shown in Tables
3 and 4 are the means of the best results
from 30 independent runs (Table 5).
Galactica produced more coherent re-
sults than RBC, especially with the
stress and mixed incontinence data. The
replication of runs was carried out so
that Galactica and RBC were run in
batch mode where the methods repeat-
ed a given number of runs and saved the
results into a log file without human
interaction.

In contrast to the results of Congdon
[22], the prediction accuracy was high
in the repaired and original data. The
difference may be explained by the
complexity of the coronary artery dis-
ease diagnosis problem. The prediction
accuracy of diagnostic rules found in
our earlier experiments [1, 2] was slight-
ly lower with original stress inconti-
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Table 5 The mini-

Method Diagnosis !
mum and maximum
Stress Mixed Sensory urge prediction accuracy
i (%) and standard
min max  std min max min max std deviation (%) of 30
dev dev dev of the best solutions
Galactica [R_ |68 9% 5 |82 82 87 9 2 obtained with
Galactica and RBC
o 68 94 6 82 82 75 91 5 from the repaired R
and original O
RBC R 41 96 19 69 82 87 94 3 stress, mixed and
o |41 9 19 |13 8 75 93 4 sensory urge
incontinence data.

nence data (89%) and somewhat higher
with original mixed incontinence data
(86%) than the prediction accuracy of
Galactica’s rules reported in this pa-
per. These differences are due to the
random manner in which the learn-
ing and testing sets are created. When
new learning and testing sets differ
from the previous sets, it is also likely
that the accuracy of the rules will differ
slightly.

Further statistical analysis showed

The problem of missing data in medi-
cal data sets was evident in this compa-
rison: none of the statistical methods
could perform reliably without replac-
ing the missing values. In contrast, C4.5
and Galactica were able to produce
accurate trees and rules from the in-
complete original data. Furthermore,

rules which C4.5 and Galactica learned
from the repaired data had the highest
overall prediction accuracy, being 91%
and 90%, respectively. Logistic regres-
sion was as accurate as Galactica, but it
is probable that, if complete real-world
data had been available, logistic regres-
sion and discriminant analysis would
have achieved somewhat lower accu-
racy, because replacement of missing
values with means reduces the variance
of attribute values and makes model
building easier for statistical methods.
Presentation of the information in a
comprehensible manner is crucial in
areas such as decision making in medi-
cine, where humans must fully under-
stand the classifiers [28]. Logistic re-
gression and discriminant analysis cre-
ate a mathematical model which gives
valuable information, for example, ab-
out the dependencies between diagnos-

Mean accuracy (%)

that k-means cluster analysis produced > & a4 a wm o v v =
a classifier from repaired data, having a °S e e e o
significantly (p <0.05) lower prediction R) k-means ! ‘ ‘ ‘ ;
accuracy than the other Cclassifiers cluster analysis |
(Fig. 2). There were practically no sta-
tistically significant differences between R) Discriminant
the remaining methods. In original analysis T
data, the accuracies of C4.5 generated +
trees and RBC’s rules were significantly R) Logistic
different in favor of C4.5. regression
R) C4.5 (tree) —_—

4. Discussion 1

The best methods were logistic re- R) C4.5 (rule) —
gression, discriminant analysis, C4.5 1
and Galactica. It is difficult to select a E )
single method as victor, because there % R) Galactica -
were no clear statistically significant dif- = +
ferences between these methods. Prob- R) Random bit ,
ably the ideal situation would be that climber
both statistical techniques and a ma- T
chine-learning system could be used to- 0) C4.5 (tree) e
gether to solve the problem. However,
if one must choose between these ap- 1
proaches, we consider that the machine- 0) C4.5 (rule) —
learning approach is preferable over Fig.2 95% 1
statistical techniques, especially in the confidence .
automatic building of medical decision intervals for the 0) Galactica I
aids, because of missing data and the Prediction accuracy +
need to present the classifiers in a form ﬂ;rheozzmpared 0) Random bit
which is comprehensible to human R)Repaired data. climber
beings. 0O) Original data.
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tic parameters and diagnosis. Under-
standing and thus correct interpretation
of these non-symbolic models is usually
quite difficult for individuals who do
not have considerable statistical knowl-
edge. Consequently, medical decision-
support systems constructed from the
results of statistical methods are black
boxes having limited capabilities to ex-
plain their decisions. Moreover, rigor-
ous evaluation and testing may be far
more difficult than with transparent
systems [29]. Conversely, decision trees
and rules are easily understandable and
no additional expertise is needed. An
expert in the problem area, for example
a physician, can directly evaluate and
verify this type of classifier.

The results showed that C4.5 achieved
the highest overall prediction accuracy
both from the complete repaired and
incomplete original data. The success of
C4.5 was expected, because this system
is mature and previous studies have
proven its power. Incomplete original
data was easier for C4.5 than for Galac-
tica: the prediction accuracy of C4.5
trees, C4.5 rules and Galactica rules
were 92%, 90% and 87%, respectively.
This difference may be explained by the
different policies used to treat missing
attribute values. C4.5 uses a sophisticat-
ed probabilistic approach to cope with
missing values both in the tree-building
process and classification [4]. Since
Galactica does not employ any special
policy for incomplete data, missing
values may lead to overgeneralization
of a rule, thus reducing its classification
ability. This is due to the fitness criteria
which favors general rules covering
both general and specific examples in
data [1, 2].

The most unexpected result was the
good performance of RBC, which was
originally included to provide a baseline
result. This result suggests that the cur-
rent set of diagnostic parameters may
be too small to allow the more complex
methods to express their full power. It is
likely that in a larger search space RBC
would not perform as well as in this
study in comparison with the other meth-
ods. Clearly, k-means cluster analysis
was the worst method in this compari-
son. The unsupervised manner in which
the clusters are formed without consid-
ering the class information might pre-
dictably lead to a poor performance.

This result seems to confirm the conclu-
sions by Congdon, indicating that unsu-
pervised learning methods are likely to
perform poorly in terms of descriptive
accuracy, especially when compared to
genetic algorithms and decision trees
[22]. Additional information, such as
setting the number of clusters equal to
the number of diagnoses in data and in-
itializing the centers, allow a clustering
algorithm to achieve better results [23].

The majority of classifiers for fe-
male urinary stress incontinence had
DESCRIPTIVE accuracies higher than
the PREDICTION accuracies. Usually, the
known data can be classified with hig-
her accuracy than the unseen cases.
This result is probably due to the hete-
rogeneity of the stress-incontinence
cases. Sometimes the stress incontinen-
ce-related symptoms are so obvious
that the patient can be referred to sur-
gery without further tests and measure-
ments. However, most of the stress-
incontinent women undergo urodyna-
mic measurements. As a result, the clas-
sifiers must identify cases having most
attributes absent and cases having
nearly all attributes present. When the
original data were used, the machine
learning methods generated general
classifiers, which could classify the
heterogeneous data. When the data
were replaced using the rounded means,
many new complete stress incontinence
cases that resembled each other and the
original complete cases were intro-
duced into the data. Since the variance
of data was reduced, especially the classi-
fication of the repaired stress-inconti-
nence data became easier. Although the
cases were randomly placed in the
learning and testing sets, it may also be
possible that the cases were divided so
that the classification of the unseen
stress-incontinence cases was easier than
the classification of the other cases.

5. Conclusions

In conclusion, the results are in agree-
ment with the results of earlier re-
search [20-22], indicating that genetic
algorithms are a competitive method to
generate classifiers from medical data.
Although there were no clear statisti-
cally significant differences in predic-
tion accuracy between the best methods

(logistic regression, discriminant analy-
sis, C4.5 and Galactica), we propose
that machine-learning systems C4.5 or
Galactica are a preferable choice for
building classifiers to aid decision mak-
ing in medicine. Firstly, these systems
are able to process medical data direct-
ly without compulsory application of re-
placement methods for missing values.
Secondly, machine learning systems
produce classifiers that humans find
readily comprehensible and verifiable.

C4.5 produced slightly more accurate
classifications than Galactica, but the
performance difference was small.
Moreover, Galactica is a novel system
(the first version of our method) and we
are confident that further research is
likely to make it more efficient. For
example, it would be interesting to
hybridize RBC with Galactica to pro-
duce a better initial population. RBC
might also be used to perform a local
search after the genetic algorithm has
located a near optimal solution.
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