Discovering comprehensible classification rules using Genetic

Programming: a case study in a medical domain

Celia C. Bojarczuk

CEFET -PR, CPGEI.

Av. Sete de Setembro, 3165.

Curitiba - PR.

80230-901. Brazil celia@cpgei.cefetpr.br

Heitor S. Lopes

CEFET -PR, CPGEI.

Av. Sete de Setembro, 3165.

Curitiba ˘ PR.

80230-901. Brazil hslopes@cpgei.cefetpr.br

Alex A. Freitas

PUC-PR, PPGIA-CCET .

Rua Imaculada Conceição, 1155

Curitiba ˘ PR.

80.215-901. Brazil alex@ppgia.pucpr.br http://www.ppgia.pucpr.br/~alex

Abstract

T his work it is intended to discover classification rules for diagnosing certain pathologies. T hese rules are capable of discriminating among 12 different pathologies, whose main symptomis chest pain. In order to discover these rules it was used genetic programming as well as some concepts of data mining, particularlythe emphasis on the discoveryof comprehensible knowledge.

1 INTRODUCTION

In order to classifyand diagnose some pathology, one must verifywhich predicting attributes are most associated with that disease. In this work there are 189 predicting attributes and 12 different diseases (classes) whose main characteristic is chest pain. T he predicting attributes refer to characteristics of the chest pain, other symptons reported bythe patient, signals observed bythe physician, details of clinical historyand results of laboratorytests.

T he diseases are: stable angina, unstable angina, acute myocardial infarction, aortic dissection, cardiac tamponade, pulmonaryembolism, pneumothorax, acute pericarditis, peptic ulcer, esophageal pain, musculoskeletal disorders, psychogenic chest pain. T he goal is to predict which of those diseases a patient has, given the values of the 189 predicting attributes for the patient.

T he same problem, chest pain diagnosis, was previously addressed by( Lopes et al. , 97) using analogical reasoning and parallel genetic algorithms. In that work the overall results were satisfactoryconcerning the predictive accuracy, but theyhad the disadvantage of not being comprehensible byusers (physicians). T he problemis that the genetic algorithmevolved a set of numeric weights for the attributes, and all the 189 attributes plus their numeric weights were used for classification (which was done bya kind of nearest neighbor method). Hence, the result of the

system(the best individual found bythe GA) involved all the attributes and too much low-level information (the attribute weights), making it verydifficult for the user to understand the results.

Recently, however, there has been a growing interest in the area of data mining, where the goal is to discover knowledge that not onlyhas a high predictive accuracy but also is comprehensible for users (Fayyad et al ., 96,

Freitas & Lavington, 98). Hence, the user can understand the system´s results and combine themwith his/her knowledge to make a well-informed decision, rather than blindlytrusting in the incomprehensible output of a ^black box~ system.

T his work addresses the above classification problemin the context of data mining. In this context, the discovered knowledge is often expressed in the formof IF-T HEN prediction (classification) rules. T he IF part of the rule contains a logical combination of conditions on the values of predicting attributes, and the T HEN part contains the predicted pathology(class) for a patient whose clinical attributes satisfythe IF part of the rule.

T he use of genetic programming (GP) for discovering comprehensible classification rules, in the spirit of data mining, is a relativelyunderexplored area. We believe this is a promising approach, due to the effectiveness of GP in searching verylarge spaces (Koza, 92; Koza, 94) and its abilityto performa more open-ended, autonomous search for logical combinations of predicting attribute values.

Unlike most data mining algorithms, GP can naturally discover rules expressed in a kind of first-order logic of the form <Att i

Op Att j

> , where Att i

and Att j

are predicting attributes of the same data type, i

¹ j , and Op is a

relational operator (typically^=^, ^ £ ^, or ^>^). First-order

logic has more expressive power than propositional logic,

since this latter allows onlythe discoveryof rule

conditions of the form <Att Op Val> , where Att is a

predicting attribute, Op is a relational operator and Val is

a value belonging to the domain of Att . T o see the

advantage of the greater expressive power of first-order

logic, note that, if the predicting attributes being compared

are real-valued, a first-order condition of the form Att

i

<

Att

j

(e.g. Income < Expenses ) cannot be expressed in a

finite waybya propositional-logic representation.

T o summarize, the goal of this paper is to investigate the

effectiveness of GP in discovering high-level,

comprehensible rules for the application domain of chest

pain diagnosis.

T his paper is organized as follows. Section 2 presents a

brief overviewof GP. Section 3 describes in some detail

the GP systemproposed in this paper. Section 4 reports

and analyzes the results of computational experiments.

Section 5 discusses related work. Finally, section 6

concludes the paper.

2 A BRIEF OVERVIEW OF GENETIC

PROGRAMMING

Genetic programming is a powerful search method

inspired bynatural selection. T he basic idea is to evolve a

population of ^programs~ candidate to the solution of a

specific problem. A program(an individual of the

population) is usuallyrepresented in the formof a tree,

where the internal nodes are functions (operators) and the

leaf nodes are terminal symbols. Both the function set and

the terminal set must contain symbols appropriate for the

target problem. For instance, the function set can contain

arithmetic operators, logic operators, mathematical

functions, etc; whereas the terminal set can contain the

variables (attributes) of the target problem.

Each individual of the population is evaluated with respect

to its abilityto solve the target problem. T his evaluation is

performed bya fitness function. T hen the individual

undergoes the action of genetic operators such as

reproduction and crossover. T he reproduction operator

selects individuals of the current population in proportion

to their fitness values, so that the fitter an individual is the

higher the probabilitythat it will take part in the next

generation of individuals. T he crossover operator replaces

a randomlyselected subtree of an individual with a

randomlychosen subtree fromanother individual.

Once reproduction and crossover have been applied

according to given probabilities, the newlycreated

generation of individuals is evaluated bythe fitness

function. T his process is repeated iteratively, usuallyfor a

fixed number of generations. T he result of genetic

programming (the best solution found) is the fittest

individual produced along all generations.

3 THE PROPOSED GENETIC

PROGRAMMING SYSTEM

In this section we describe our proposed genetic

programming (GP) systemfor the classification problem

discussed in the Introduction.

T he terminal set consists of the previouslydescribed 189

attributes. All the attributes are binary. T he function set consists of three logic functions, namelyAND, OR and

NOT . T hese functions were chosen due to our desire for

discovering high-level, comprehensible rules, as discussed

before. Hence, an individual (program) consists of a

combination of the above three logic operators applied to

some predicting attributes. Each individual encodes the IF

part of a rule.

For instance, the hypothetical individual: (AND (OR dizzy

fever) x_ray_not_ok) would correspond to an IF part with

the following conditions: IF ( (dizzy OR fever) AND

x_ray_not_ok) ).

Note that the T HEN part of the rule (the predicted class)

is not encoded into the individual. T he reason for this is

the fact that in a given run of the GP all individuals

represent rules predicting the same class, as follows.

Each run of our GP solves a two-class classification

problem, where the goal is to predict whether or not the

patient has a given disease. T herefore, in order to generate

classification rules for the 12 classes, we need to run the

GP 12 times. In the first run the GP would search for rules

predicting class 1; in the second, for class 2, and so on.

When the GP is searching for rules predicting a given

class, all other classes are effectivelymerged into a large

class, which can be conceptuallythought of as meaning

that the patient does not have the disease predicted bythe

rule.

T he use of an individual for predicting whether or not a

patient has a given disease (i.e. the disease associated with

the current GP run) is straightforward. Recall that each

patient is described bythe values of 189 binaryattributes.

T herefore, the systemsimplychecks whether the set of

189 binaryvalues associated with a patient satisfythe IF

part of the rule specified bythe individual. If so, the

systempredicts that the patient has the corresponding

disease, otherwise the systempredicts that the patient does

not have that disease.

Since the T HEN part of the rule does not need to be

encoded into the individual, henceforth we will refer to

each individual as a rule, for the sake of brevityand

simplicity. In the next subsection we describe the fitness

function that we use for evaluating the qualityof the rules

associated with individuals of the GP.

3.1 FITNESS FUNCTION

T he fitness function evaluates the qualityof each rule

(individual). T his work uses the fitness function employed

by(Lopes et al . , 97). Before we can define the fitness

function, it is necessaryto recall a fewbasic concepts on

classification-rule evaluation. When using a rule for

classifying an unknown case, depending on the class

predicted bythe rule and on the true class of the patient

(his disease), four types of results can be observed for the

prediction, as follows:

· true positive - the rule predicts that the patient has a

given disease and the patient does have that disease;

· false positive - the rule predicts that the patient has a

given disease but the patient does not have it;

· true negative - the rule predicts that the patient does

not have a given disease, and indeed the patient does

not have it;

· false negative - the rule predicts that the patient does

not have a given disease but the patient does have it.

Let tp , fp , tn and fn denote respectivelythe number of true

positives, false positives, true negatives and false

negatives observed when a rule is used to classifya set of

cases (patients). Our fitness function combines two

indicators commonlyused in the medical domain, namely

the sensitivity( Se ) and the specificity( Sp ), defined as

follows:

Se = tp / (tp + fn) (1)

Sp = tn / (tn + fp) (2)

Finally, the fitness function used byour GP is defined as

the product of these two indicators, i.e.:

fitness = Se * Sp (3)

T herefore, the goal of our GP is to maximize both the Se

and the Sp at the same time. T his is an important point,

since it would be relativelytrivial to maximize the value

of one of these two indicators at the expense of

significantlyreducing the value of the other. Furthermore,

the above fitness function has the advantages of being

simple and returning a meaningful, normalized value in

the range [0..1]. A good analysis of the above fitness

function per se (independent of anyevolutionary

algorithm), as well as other related measures of predictive

accuracy, can be found in (Hand, 97).

4 COMPUTATIONAL RESULTS

We have applied our proposed GP systemto the

previouslydescribed classification problem. In all the

experiments reported in this paper the initial population

was generated bythe well-known ramped half-and-half

method, which creates an equal number of trees for tree-

depth values varying from2 to the maximumdepth (Koza,

92). T he experiments were done using the Lil-GP system

(Zongker et al. , 96), and all remainder parameters of the

GP were left as the standard.

T he data set consists of 138 examples (patients) and 189

attributes. As usual in the classification literature, the data

set was randomlypartitioned into two sets, a training set

(with 90 examples) and a test set (with 48 examples). We

used the same training/test set partition employed by

(Lopes et al. 97) in order to make possible the

comparision of results.

Note that, in principle, this can be considered a difficult

classification problem, since the number of examples can

be considered small, once we take into account the large

number of attributes.

For each class we run the GP three times, varying

some GP parameters. Hence, the GP was run 3 x 12 = 36

times, and each of these runs was independent of the

others. More precisely, table 1 shows the parameter

settings used in each of our three sets of experiments. T he

result of each run is the best rule (individual) found for

that run and the best rule was the one with the best

performance on the training set. For each class we

selected the best rule out of the three rules found in the

three GP experiments.

T herefore, the final result of our experiments is a set of 12

rules, one for each class. We analyzed the qualityof these

discovered rules in three ways, namelybyevaluating the

predictive accuracyof the rule set as a whole, the

predictive accuracyof individual rules and the

comprehensibilityof the rules. T hese analyses are

discussed in the next three subsections, respectively.

4.1 PREDICTIVE ACCURACY OF THE RULE

SET AS A WHOLE

Among the several different criteria that can be used to

evaluate the predictive accuracyof a discovered rule set,

we have used the well-known accuracyrate, which,

despite its drawbacks (Hand, 97), seems to be still the

most used in the classification literature. T he accuracyrate

is simplythe ratio of the number of correctly-classified

test examples over the total number of test examples. Our

GP achieved an accuracyrate of 77.08% - i.e. the

discovered rule set correctlyclassified 37 out of 48

examples (test set).

4.2 PREDICTIVE ACCURACY OF INDIVIDUAL

RULES

Although reporting the predictive accuracyof the rule set

as a whole is commonplace in the literature, in practice the

user will analyze or consider one rule at a time. Hence, it

makes sense to report the accuracyrate of each individual

rule. Recall that this is feasible, in our case, because our

systemdiscovered only12 rules (one for each class). Such

an analysis of the predictive accuracyof individual rules is

less feasible in cases where the data mining algorithm

discovers verymanyrules.

T able 2 reports the figures concerning the predictive

accuracyof each of the 12 discovered rules. Each rowof

this table refers to the best rule found in the three GP runs

performed for the corresponding class #. Again, all the

figures reported in this table refer to the performance of

the discovered rules on the test set.

Overall, the discovered rules have both high Se and high

Sp , which leads to a high value of the product Se x Sp . In

particular, five rules (the ones predicting classes 3, 4, 7, 9,

10) 1 have both Se and Sp (as well as their product) greater

than or equal to 0.95. However, some rules are not so

good. T he rules predicting classes 8 and 11, despite their

1 The class numbers refers to the diseases listed in the

Introduction, in the order theyappear.

high value of Sp , are less likelyto be considered as truly

interesting and useful bya human user, due to their very

low Se . T his is consistent with the results reported by

(Lopes et al., 97), since classes 8 and 11 are indeed the

most difficult ones to predict.

4.3 COM PREHENSIBILITY OF THE

DISCOVERED RULES

As mentioned in the Introduction, in this work we are

interested not onlyin the predictive accuracyof the

discovered rules, but also in the comprehensibilityof the

rules - in the spirit of data mining.

Rule comprehensibilityis significantlymore difficult to

measure in an objective way, in comparison with

predictive accuracy. T here is a considerable subjective

aspect in the former. In most of the literature, however,

rule comprehensibilityis associated with syntactic

complexity. In general, the smaller the number of rules

and the shorter (the smaller the number of conditions of)

the rules the better.

Concerning the number of discovered rules, our GP

system(bydesign) provides the best possible result, that is

exactlyone rule for each class. T his minimization of the

number of discovered rules saves the potentiallyprecious

time of the human user, who is required to analyze only

the verybest rule found for each class. In contrast, some

data mining algorithms mayeasilyoverload the user with

a large number of discovered rules, that can hardlybe

considered ^comprehensible~ knowledge.

T he remaining question is: howshort are the rules

discovered bythe GP? Some of the rules (particularlythe

ones predicting classes 1, 6 and 10) were quite long.

However, the GP did find some short, very

comprehensible rules. In particular, the shortest two rules

discovered bythe systemwere as follows:

IF (ecg_lv OR x_ray_ok_no) AND (ech_et) THEN class 5

IF (x_ray_air_in_ps) THEN class 7

In the first rule, the attributes in the IF part denote

respectively"lowvoltage of the eletrocardiogram",

"abnormalityfound in chest x-ray" and "evidence of

tamponade in the echocardiogram". Class 5 represents the

disease "cardiac tamponade". In the second rule, the

attribute in the IF part denotes "air in pleural space

observed in the chest x-ray". Class 7 represents the

disease "pneumothorax".

It is important to note that we did not use anyparsimony

measure in our fitness function. Hence, the above simple

two rules were discovered onlydue to their high value of a

predictive accuracy-related measure - equation (3).

Actually, the predictive accuracyof the above simple two

rules is quite high, as can be seen in table 2.

5 RELATED WORK

T he PADO system(T eller & Veloso, 95) is a

sophisticated variant of GP that learns an entire

classification algorithmfor an arbitrarysignal type

(images, sounds, etc.). Most of the ^function set~ used by

PADO involves mathematical functions and low-level

primitives, so that the systemdoes not discover high-level

classification rules.

(Marchesi et al ., 97) have also used GP for solving a

classification problem. T heir work also used low-level

features of a signal in the terminal set and mathematic

functions in the function set, so that theyhave not

discovered high-level classification rules. A common

feature of the above projects, as well as other projects on

the classification of low-level signals, is that theydo not

discover high-level IF-T HEN rules, and the discovered

^knowledge~ (if we can call it this way, which is doubtful)

typicallyis evaluated onlywith respect to predictive

accuracy, not with respect to comprehensibility.

(Sherrah et al. , 97) propose a GP systemwhich performs

both feature selection and feature construction (using non-

linear functions). T he systemalso performs a kind of

algorithmselection, in the sense that each individual has

one of three classification algorithms associated with it.

However, none of the three algorithms focus on the

discoveryof comprehensible classification rules.

We nowreviewsome GP projects somewhat more related

to the data mining goal of discovering comprehensible

knowledge. T he GPDT systemevolves variable-length

programs in the formof decision-trees (Nikolaev &

Slavov, 97). In the spirit of the decision-tree paradigm, the

function set consists of predicting attributes. T his differs

fromour system, where the function set consists of the

logic operators AND, OR, NOT .

(Ngan et al. , 98) use GP for discovering

comprehensible rules. T heir approach also has the

interesting feature that different discovered rules can

predict different attributes, contributing for a greater

autonomyof the system. T his is a kind of generalization of

the classification task, where all discovered rules predict

the same attribute. However, the discovered rules are

evaluated within the framework of support-confidence

proposed for association rules (Agrawal et al. , 93). T his

framework, unlike classification, does not evaluate the

predictive accuracyof discovered rules on an unseen test

set. Furthermore, their approach is based on the use of a

grammar to restrict the search space and ensure the

syntactical correctness of the rules. Unfortunately, the

grammar is entirelyapplication domain-dependent, i.e. a

grammar must be written for each application domain.

(Martin et al ., 98) use GP for discovering comprehensible

classification rules. Like our approach, their system

discovers rules expressed in first-order logic

representation. Unlike our work, the main characteristic of

their work was to integrate GP with relational databases

systems containing multiple relations (tables) in such a

waythat GP individuals are associated with SQL queries.

T o achieve this goal theyproposed a constraint-based

model (taking into account characteristics of relational

databases) for individual representation and genetic

operators, which is not necessaryin our case. Another

work whose main characteristic is the integration of GP

with relational database systems, using GP individuals to

represent SQL queries, is discussed in (Freitas, 97). T his

work addresses the task of classification and generalized

rule induction, but it assumes that the data being mined is

contained in a single relation.

6 CONCLUSIONS AND FUTURE WORK

Despite the small number of examples available in our

application domain (taking into account the large number

of attributes), the results of our experiments can be

considered verypromising. T he discovered rules had a

good performance concerning predictive accuracy,

considering both the rule set as a whole and each

individual rule.

Furthermore, which is more important froma data mining

viewpoint, the systemdid discover some comprehensible

rules, as discussed in section 4.3. It should be emphasized

that this result was achieved even without including in the

fitness function a termpenalizing long rules. T he

comprehensibilityof the discovered rules could, in

principle, be improved with a proper modification of the

fitness function. Howmuch predictive accuracywould be

reduced with such a modification is a question whose

answer requires further research.

Another possibilityfor future research would be to

performa careful selection of attributes in a preprocessing

step, in order to reduce the number of attributes (and the

corresponding search space) given to the GP. Attribute

selection is a veryactive research area in data mining (Liu

& Motoda, 98).

Finally, future work should also include the application of

the GP systemproposed in this paper to other data sets, to

further validate the results reported in this paper.

References

R. Agrawal, T . Imielinski and A. Swami (1993). Mining

association rules between sets of items in large databases.

In Proceedings. 1993 Inernational Conference on

Management of Data (SIGMOD-93) , 207-216.

U. M. Fayyad, G. Piatetsky-Shapiro and P. Smyth (1996).

Fromdata mining to knowledge discovery: an overview.

In: U. M. Fayyad, G. Piatetsky-Shapiro, P. Smyth and R.

Uthurusamy(eds.), Advances in Knowledge Discovery &

Data Mining , 1-34, AAAI/MIT .

A. A. Freitas (1997). A genetic programming framework

for two data mining tasks: classification and generalized rule induction. In Genetic Programming 1997:

Proceedings of 2 nd Annual Conference., 96-101. Morgan

Kaufmann.

A. A. Freitas and S. H. Lavington (1998). Mining Very

Large Databases with Parallel Processing. Kluwer.

D. Hand (1997). Construction and Assessment of

Classification Rules. John Wiley& Sons.

J. R. Koza (1992). Genetic Programming: on the

Programming of Computers by Means of Natural

Selection. MIT Press.

J. R. Koza (1994). Genetic Programming II: Autonomous

Discovery of Reusable Programs. MIT Press.

H. Liu and H. Motoda (1998). Feature Selection for

Knowledge Discovery and Data Mining. Kluwer.

H. S. Lopes, M. S. Coutinho, R. Heinisch, J. M. Barreto,

W. C. Lima (1997). A Knowledge-based systemfor

decision support in chest pain diagnosis. Medical &

Biological Engineering &Computing 35 (suppl., part

I):514.

B. Marchesi, A. L. Stelle, H. S. Lopes (1997). Detection

of epileptic events using genetic programming.

Proceedings of 19 th International Conference.

IEEE/EMBS, 1198-1201 . IEEE Press.

L. Martin, F. Moal and C. Vrain (1998). A relational data

mining tool based on genetic programming. Principles of

Data Mining &Knowledge Discovery: Proceedings of.

2 nd. European Symposium (LNAI) 1510 , 130-138.

Springer-Verlag.

P. S. Ngan, M. L. Wong and K. S. Leung (1998). Using

grammar based genetic programming for data mining of

medical knowledge. Genetic Programming 1998 :

Proceedings of 3 nd Annual Conference., 254-259. Morgan

Kaufmann.

N. I. Nikolaev and V. Slavov (1997). Inductive genetic

programming with decision trees. Proceedings of 1997

European Conference on Machine Learning (ECML-97) .

J. R. Sherrah, R. E. Bogner and A. Bouzerdoum(1997).

T he evolutionarypre-processor: automatic feature

extraction. Genetic Programming 1997: Proceedings of

2 nd Annual Conference, 304-312. Morgan Kaufmann.

A. T eller and M. Veloso (1995). Programevolution for

data mining. International Journal of Expert Systems , 3rd

Quarter, 216-236.

D. Zongker, B. Punch and B. Rand (1998). Lil-gp 1.01 -

User´s Manual . Department of Computer Science,

Michigan State University.

T able 1: Parameter settings used in the experiments

EXP# POPULATION

SIZE

NUM BER OF

GENERATIONS

M AXIM UM

TREE SIZE

M AXIM UM

TREE DEPTH

CROSSOVER

PROBABILITY

REPRODUCTION

PROBABILITY

1 5,000 50 65 12 0.85 0.15

2 3,500 50 65 15 0.75 0.25

3 2,500 30 60 12 0.70 0.30

T able 2: Predictive accuracyof individual rules

CLASS# TP FP FN TN SE SP SE x SP

1 2 0 2 44 0,50 1,00 0,50

2 1 0 1 46 0,50 1,00 0,50

3 6 0 0 42 1,00 1,00 1,00

4 6 1 0 41 1,00 0,97 0,97

5 3 1 1 43 0,75 0,97 0,73

6 4 0 1 43 0,80 1,00 0,80

7 3 0 0 45 1,00 1,00 1,00

8 0 1 2 45 0,00 0,97 0,00

9 4 2 0 42 1,00 0,95 0,95

10 4 2 0 42 1,00 0,95 0,95

11 1 0 2 45 0,33 1,00 0,33

12 3 0 2 43 0,60 1,00 0,60

average 3,08 0,58 0,91 43,41 0,706 0,984 0,694