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ABSTRACT

This paper proposes LCSE, a learning classifier system en-
semble, which is an extension of the classical learning clas-
sifier system(LCS). The classical LCS includes two major
modules, a genetic algorithm module used to facilitate rule
discovery, and a reinforcement learning module used to ad-
just the strength of the corresponding rules while it receives
the rewards from the environment. In LCSE we build a two-
level ensemble architecture to enhance the generalization of
LCS. In the first-level, new instances are first bootstrapped
and sent to several LCSs for classification. Then, in the
second-level, a plurality-vote method is used to combine the
classification results of individual LCSs into a final decision.
Experiments on some benchmark data sets from the UCI
repository have shown that LCSE has better generalization
ability than the single LCS and other supervised learning
methods.
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The Learning Classifier System(LCS) is a machine learn-
ing technique that combines reinforcement learning, evolu-
tionary computing and heuristics into an adaptive system.
Each learning classifier system is a rule-based system in
which the rules are in the form of "If conditions THEN ac-
tion”. Evolutionary computing techniques and heuristics
are used to search for the possible rules, whilst the rein-
forcement learning techniques are used to assign utility to
existing rules, thereby guiding the search for better rules.
LCS had already been successfully applied into data min-
ing domains, especially in medical data analysis. Bonelli et
al.[3] have demonstrated that the learning classifier system
is suitable in three medical domains. Holmes applied LCS to
knowledge discovery in the clinical research databases and
achieved some fruitful results in estimation of disease risk
and epidemiologic surveillance [5][6]. Wilson [7][8] proposed
the XCSR technique to adapt real-value attributes in LCS
and used XCS in the oblique data set from the Wisconsin
Breast Cancer data. Bernadé et al.[2] selected several medi-
cal data sets from the UCI repository, such as Pima-indians
etc., to compare the performances of XCS and GALE. Sim-
ilar works have been done by Bacardit et al. on comparison
of XCS and GAssist[1].

Though the above researches have shown that LCS works
well on the data mining domain. But, with smaller data
sets, LCS clearly tends to over-fit the data[l]. Other prob-
lems are the noisy data (incorrect measured values) and the
missing data which often occur in actual data sets. To solve
these problems with LCS, we need to improve it in terms of
generalization to avoid over-fitting and to increase accuracy
of classification. So far, the ensemble method is one of most
interesting and attractive learning systems with strong gen-
eralization ability. Leo Breiman[4] proved that generating
multiple versions of a predictor and using them to get an ag-
gregated predictor can improve the prediction accuracy of a
weak predictor. The ensemble technology based on super-
vised machine learning has been studied in and applied to
several domains, such as medical diagnosis, face recognition,
scientific image analysis [10], etc. However, combination of
LCS with ensemble learning has not yet been well tested.

In this paper, we propose a two-level LCS ensemble sys-



tem(LCSE) and apply it into data mining. In the first-level
of the ensemble, new instances are first bootstrapped and
sent to several LCSs for classification. Then, in the second-
level, a plurality-vote method is used to combine the classi-
fication results of individual LCSs into a final decision. Ex-
periments on some benchmark data sets in UCI repository
have shown that LCSE has better performance on incremen-
tal data learning and better generalization ability than the
single LCS and other supervised learning methods.

The paper is organized as follows. In Section 2, a two-
level learning classifier system ensemble is presented and
the learning process is discussed in detail. We conduct some
test experiments on the Pima Indians Diabetes data set and
investigate the performance of the respective approaches in
Section 3. Finally, we draw some conclusions and outline
future works in Section 4.

2. LEARNING CLASSIFIER SYSTEM EN-
SEMBLE

The learning classifier system ensemble or LCSE we pro-
pose in this paper combines the learning classifier system
with ensemble learning in order to improve the system gen-
erality. Fig. 1 shows the system architecture. Besides sev-
eral sub LCSs, a bootstrap module and a voting module are
added. The bootstrap module is used to distribute the in-
puts into different sub-LCSs and the voting module is used
to combine all classification results of sub-LCSs to produce
the final system output.

At initialization of the system, the sub-LCSs generate
their population sets. In each episode, the bootstrap module
inputs new samples to every sub-LCSs randomly with re-
spect to the probability A given in equation (1) where LC'S;
denotes the ¢th sub-LCS. If the ith sub-LCS receives an in-
put, it constructs the match set [M];. Then the wheel select-
ing algorithm is used to get the action set [A];. Finally, the
ith sub-LCS outputs its classification result a;. The voting
module ensembles the sub-LCSs’ outputs according to equa-
tion (2) to get the final system’s classification result arcse.
The voting module uses the basic plurality voting method.
We must emphasize that each sub-LCS that is participates
in voting will receive a respective payoff r; from the environ-
ment with respect to its input a;. Every sub-LCS processes
reinforcement learning of the rule strength and rule discov-
ery based on its payoff. In figure 1, the solid line represents
that the ith sub-LCS is activated. The dashed line indicates
that the respective sub-LCS is not activated in the learning
episode.

if rand;() <X bootstrap(LCS;) + TRUE
(1)
else bootstrap(LCS;) < FALSE

ALCSE ¢ argmaz, Z vote(a;) (2)

12

Essentially, the bootstrap module in LCSE aims at devel-
oping multiple sub-LCSs with different classification perfor-
mances by means of inputting different samples, initiating
different population sets, undertaking different rule learn-
ing and discovery processes. In other words, the classifica-
tion results of every sub-LCS may be different even though
the input sample is same. Therefor, the generality of the

Table 1: Results of stratified cross-validation test
on the benchmark dataset Using LCSE with 7 sub-
LCSs

Correct Clas- | Mis- Fraction Ac-
sification classification | curacy
Trial 1 58 19 0.7532
Trial 2 59 18 0.7662
Trial 3 54 23 0.7013
Trial 4 57 20 0.7403
Trial 5 58 19 0.7532
Trial 6 61 16 0.7922
Trial 7 63 14 0.8182
Trial 8 64 13 0.8312
Trial 9 56 20 0.7368
Trial 10 64 12 0.8421
Mean 0.7734

learning classifier system is improved when combing multi-
ple sub-LCSs with ensemble learning.

3. EXPERIMENTAL RESULTSAND ANAL-
YSIS

The Pima Indians Diabetes data set from National Insti-
tute of Diabetes and Digestive and Kidney diseases has been
used in benchmark performance test. The diabetes dataset
consist of eight condition attributes.

In order to highlight the over-fitting problem when it oc-
curs, the stratified tenfold cross-validation method was ap-
plied to the diabetes dataset in the first experiment. We
randomly divided the diabetes dataset into 10 subsets (or
folds). In each subset all actions had the same likelihood
to be taken. In each trial, we uses one subset for testing
and the remaining nine subsets for learning. Results of the
stratified cross-validation test of LCSE with seven sub-LCSs
are shown in table 1. Table 2 shows the comparison results
of the average fraction correction between LCSE with seven
sub-LCSs and other learning methods. Among these meth-
ods, we used the decision tree and neural network methods
in the Weka toolbox from the University of Waikato in New
Zealand [9].

From table 1 and table 2, we can see that all LCSE con-
figurations performed better than LCS. And LCSE with 7
sub-LCSs performed the best of all LCS. Its average predic-
tion accuracy reached 77.3%. We can also see from Tab. 2
that the average fraction accuracy increases as the number
of sub-LCSs increases in LCSE. However, there is a limit
in which the method approaches the maximal accuracy and
further addition of sub-LCSs will no longer have effect.

We conducted the second experiment to investigate the
on-line learning performance. In the second experiment, we
also split the whole dataset into 10 subsets. Firstly, we used
the first subset for learning and the second subset for test-
ing. Then, we used the first two subsets for learning and
the third subset for testing. This process continued till the
step that the first nine subsets were used for learning and
the last subset for testing. In fact, since both the learning
classifier system LCS and the learning classifier system en-
semble LCSE are on-line learning methods, it is unnecessary
to separate the testing process from the learning process.
The purpose that we designed the above learning and test-
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Figure 1: The Architecture of Two-level Learning Classifier System Ensemble.

Table 2: Comparing LCSE with LCS, Decision Tree

and Neural Network
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Learning | Correct Clas- | Mis- Average

Method sification classification | Fraction
Accuracy

LCSE 594 174 0.7734

with 7

sub-LCSs

LCSE 577 191 0.7513

with 5

sub-LCSs

LCSE 564 204 0.7344

with 3

sub-LCSs

LCS 548 220 0.7135

Decision 554 214 0.7213

Tree(J48)

Neural 585 183 0.7617

Network

Figure 2: Comparison between LCSE and LCS.

ing stages is to compare LCSE with decision tree and neural
network methods.

We conducted 10 trials on each learning method. The
results are shown in Fig.2 and Fig.3. We can see that the
prediction accuracy has been improved when the systems
learnt more instances. LCSE with 7 sub-LCSs performed
better in the on-line learning than other LCSEs and LCS in
almost all learning stages.

4. CONCLUSIONS

This paper has presented a Learning Classifier System En-
semble (LCSE) which combines the learning classifier system
with ensemble learning to improve the generality of the sin-
gle learning classifier system. The experiment results have
shown that LCSE with sub-LCSs performs better than other
learning methods such as decision tree and neural networks
on the diabetes data set. Furthermore, the LCSEs with
more sub-LCSs outperform the LCSEs with less sub-LCSs
as well as LCS. These initial results have demonstrated the
advantages of the LCSE learning system.
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