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Abstract—Recently, the interpretability of classifiers has be-
come increasingly important, and fuzzy classifiers based on
linguistically interpretable fuzzy IF-THEN rules have attracted
attention. Multi-objective Fuzzy Genetics-Based Machine Learn-
ing (MoFGBML) is a method capable of efficiently generating
a set of fuzzy classifiers considering both classification perfor-
mance and interpretability, using an evolutionary multi-objective
optimization algorithm. However, MoOFGBML generally exhibits
inferior classification performance compared to black-box mod-
els. To enhance the classification performance of MoFGBML, in
this study, we propose transferring the classification knowledge
of LightGBM, which possesses strong generalization ability.
Specifically, we augment the training data by adding new patterns
with the class label predicted by LightGBM. Computational
experiments on real-world datasets demonstrate that MoFGBML
trained with the proposed method can achieve higher classifica-
tion accuracy while maintaining interpretability, compared to the
conventional one trained solely on the original dataset.

Index Terms—Fuzzy Classifier, Multi-objective Fuzzy Genetics-
Based Machine Learning, LightGBM

I. INTRODUCTION

In many applications (e.g., finance and medical diagnosis),
stakeholders require explanations of the basis and internal pro-
cess of Artificial Intelligence (AI) decision-making. Therefore,
the importance of highly transparent Al is increasing [1], [2].
A fuzzy classifier is a highly transparent Al that performs a
decision process (i.e., fuzzy inference) based on fuzzy rules
whose antecedent parts are fuzzy sets associated with linguistic
labels. A fuzzy classifier can make decisions considering real-
world uncertainties [3]-[5].

Evolutionary computation has been actively used in fuzzy
classifier design under the name of Evolutionary Fuzzy Sys-
tems [6]. In particular, Evolutionary Multi-objective Optimiza-
tion Algorithm (EMOA) can offer diverse solutions (i.e., fuzzy
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systems) with different trade-offs among objectives to users,
since they can handle multiple objective functions simultane-
ously in the design process [7]. While fuzzy classifiers have
high interpretability, they generally exhibit inferior classifi-
cation performance compared to black-box models in which
their decision-making basis and internal processes are unclear.
Black-box models such as LightGBM, exhibit extremely high
classification and generalization performance in complex fea-
ture spaces, although their interpretability is low [8]. The main
reasons why fuzzy classifiers are inferior to black-box models
are that they cannot sufficiently capture complex decision
boundaries using only training data, or there is insufficient
learning in regions with few data patterns. If fuzzy classifiers
can acquire the classification knowledge of black-box models,
there is a possibility to significantly improve their classification
performance while maintaining high interpretability.

To improve classification performance while maintaining
high interpretability, in this study, we propose a framework
to transfer the classification knowledge of LightGBM to
MoFGBML. Specifically, we augment the training data by
adding new patterns with the class label predicted by Light-
GBM. By training on such augmented data, MoFGBML is
expected to appropriately approximate the complex decision
boundaries of LightGBM. That is, the proposed method can
be regarded as a data-level knowledge distillation framework,
where a high-performance black-box model transfers its deci-
sion boundary to an interpretable fuzzy classifier.

In this paper, we introduce four data generation strate-
gies; two perturbation-based pattern generation strategies and
two Synthetic Minority Over-sampling Technique (SMOTE)-
based strategies [9]. SMOTE is an over-sampling method
that performs linear interpolation between samples. The four
strategies aim to generate new patterns in different target
regions respectively. We examine the effect of these strategies
on the classification accuracy and complexity of MoFGBML,
and evaluate the improvement in generalization performance
of the fuzzy classifier through knowledge transfer from the
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Fig. 1. Triangular membership functions.

black-box model.

The rest of this paper is organized as follows. First, Sec-
tion II briefly describes fuzzy classifiers, MoFGBML, and
LightGBM. Section III describes the four data augmentation
strategies. Section IV presents experimental results using real-
world datasets. Finally, Section V concludes this paper.

II. PRELIMINARIES
A. Fuzzy Classifier

Consider a pattern classification problem given M -class n-
dimensional data with m patterns x, = (Zp1,. .., Zp,) Where
xp; denotes the i-th attribute value (i = 1,2,...,n) in the
p-th pattern (p = 1,2,...,m). A fuzzy classifier S consists
of a set of fuzzy if-then rules of the following form as in [3].

Rule R,

:If zpy is Agr and ... and zp, is Agp

then Class C; with CF,,

where R, is the label for the g-th fuzzy rule and A, =
(Agq1,...,Aqn) is the antecedent fuzzy set. We use 14
triangular-type membership functions from 2 to 5 partitions
shown in Fig. 1 and an additional “don’t care” condition which
sets the membership value to 1 regardless of the attribute value.
C, is the consequent class and C'Fy is the rule weight. These
are uniquely determined from the antecedent part of the fuzzy
rule and the training data. For more details, see [3] and [10].

For classification of unknown patterns, we use a single-
winner rule strategy [3]. In this strategy, first, the product of
the compatibility grade of each rule to the unknown pattern
and its rule weight is calculated. Then, the rule with the
largest product value is chosen as a single-winner rule. The
consequent class of the winner rule is used as the classification
result of the unknown pattern.

B. MoFGBML

Multi-objective Fuzzy Genetics-Based Machine Learning
(MoFGBML) is an evolutionary machine learning technique
that simultaneously optimizes the accuracy and interpretabil-
ity of fuzzy classifiers [10]. MoFGBML adopts a hybrid
framework combining the Pittsburgh-style and Michigan-
style approaches. The optimization is primarily based on
the Pittsburgh-style approach, where each individual in the
population represents a complete set of fuzzy rules. In the
Michigan-style approach, where each individual corresponds
to a single rule, it is employed as a heuristic local search
mechanism to refine specific rules.

The design of fuzzy classifiers is formulated as a multi-
objective optimization problem with the following two objec-
tives to be minimized:

1) Error rate (f1(5)): The percentage of misclassified pat-
terns on the training data. This objective evaluates the
classification performance of the fuzzy classifier S.

2) Number of rules (f2(S)): The total number of fuzzy
rules |S| in the classifier. Minimizing this objective
improves the interpretability.

To efficiently search for a set of non-dominated solutions
that trade off these objectives, MoFGBML utilizes Non-
dominated Sorting Genetic Algorithm IT (NSGA-II) [11]. We
use the open source codes of MOFGBML'.

C. LightGBM

Light Gradient Boosting Machine (LightGBM) is a highly
efficient and scalable implementation of Gradient Boosting
Decision Trees (GBDT) [8]. We use LightGBM thanks to its
strong generalization and ability to model complex nonlinear
boundaries.

III. PROPOSED METHOD

In this section, we describe the data augmentation frame-
work for transferring classification knowledge of LightGBM
to MoFGBML. The proposed method consists of three main
stages: (1) learning of LightGBM as a teacher model, (2)
expansion of the training data to construct the augmented data,
and (3) training of MoFGBML using the augmented data.

A. Overall Framework

The purpose of this study is to enable MoFGBML to
learn the complex decision boundaries, which are difficult
to represent with the original training data alone, through
generated patterns with the labels predicted by LightGBM.

First, LightGBM is trained using the original training
dataset Dyyqin to serve as a teacher model. The hyperparam-
eters of LightGBM are optimized based on cross-validation
using Optuna [12]. We define the trained LightGBM as Fr(-).

Next, new patterns X,.,, are generated in the feature space
using the data augmentation strategies described in the next
subsection. The class label for x,,.,, is assigned with the pre-
dicted label by the trained LightGBM, i.e., Ynew = Fr(Xnew)-
These generated patterns with predicted labels construct the
dataset Dgc,. Furthermore, to ensure consistent knowledge
transfer of the teacher model, the class labels of the original
training data Dy, are also replaced with the predicted labels
given by Fr.

Finally, the augmented data Dgug = Dirain U Dgen,
comprising the original data and the generated data, is used as
the training data for MoFGBML. Consequently, the training
data possesses the knowledge of the decision boundaries held
by the teacher model, enabling MoFGBML to efficiently learn
the classification knowledge of the teacher model.

B. Data Augmentation Strategies

To transfer classification knowledge of the teacher model,
we introduce the following four data augmentation strategies.

Uhttps://github.com/ci-1abo-omu/MoFGBML_Basic



1) Strategy I: Perturbation on Misclassified Patterns: This
strategy focuses on enhancing the learning in regions where
the classification is difficult for MoFGBML.

1. Using the MoFGBML trained on the original training

dataset Dyyqin, classify Di,qin to identify the set of
misclassified patterns D,,;ss:

Diiss = {X € Dirain | Yclassify 7é ytrue} (D

2. For a pattern x € D,,;ss, add a noise vector € following
a normal distribution with mean 0 and variance o2 to
generate a new pattern Xpeq:

e~ N(0,0%) )

Xpew = X 1 €,

3. Assign the label predicted by the trained teacher model,
Fr(Xpew), to the generated Xy,e,, and add it to D gep,.
4. Repeat steps 2-3 m times to increase the local data
density.
We examine o € {0.02,0.04,...,0.2} and m € {1,2,5}.
2) Strategy II: Perturbation on All Patterns: This strategy
aims to faithfully approximate the entire decision surface of
the teacher model by increasing the sampling density across
the feature space.

1. Target all training patterns X € Dyyqin -

2. Add perturbation € using Eq. (2) to generate X;,eq,.

3. Assign the label predicted by the trained teacher model,
Fr(Xpew), to the generated Xe,, and add it to Dgep,.

4. Repeat steps 2-3 m times to uniformly expand the entire
dataset.

The settings for o and m are the same as those of Strategy I.

3) Strategy IIlI: Decision Boundary Interpolation with
SMOTE: To precisely capture the decision boundaries of the
teacher model, patterns are densely generated in regions where
the class predicted by the teacher model differs from that of
neighbor patterns.

1. Classify all training patterns x € Dypqin using the
trained teacher model Fr.

2. For each pattern x; € Dyyq;n, identify a set of k nearest
neighbors N (x;) based on the Euclidean distance.

3. Identify the neighbor X,eqn € Ni(x;) whose pre-
dicted label differs from that of x; (i.e., Fpr(x;) #
FT(Xneigh))-

4. Generate a new pattern X,., by applying SMOTE
to linearly interpolate between these two samples and
assign the predicted label Fr(Xpeq) to the generated
Xnew and add it to Dgep.:

5€0,1] ()

Xpew = X; + 0 - (Xneigh, - Xi)7

We examine k € {1,2,5,10, 15, 20}.

4) Strategy IV: Decision Boundary Interpolation with
SMOTE-NC: Real-world datasets often contain a mixture
of numerical and categorical attributes. Applying simple
Euclidean distance or linear interpolation can cause scale
discrepancies between attributes or semantic contradictions.
Therefore, we perform data augmentation applying SMOTE-
NC for datasets containing categorical attributes.

1. Classify all training patterns x € Dypqin using the
trained teacher model Fr.

2. Calculate the distance by integrating the Euclidean dis-
tance for numerical attributes and the Hamming distance
for categorical attributes to identify a set of k£ nearest
neighbors Ny (x;). The distance d(x;,x;) between two
patterns x; and x; is defined as follows:

d(xi,x;) = | Y (Tin—2jn)
neNum
1/2
HV D T(@ie # i) 4)
ceCat

Num and Cat are the sets of numerical and categorical
attributes, respectively. I'(-) is the indicator function rep-
resenting the Hamming distance (returns 1 if attributes
differ, O otherwise). V' is the penalty coefficient for the
categorical distance. In this study, V' is defined as the
median of the variances of all numerical attributes.

3. Identify the neighbor X,ign € Ni(x;) whose predicted
label differs from that of x; and generate X, as
follows:

o Numerical Attributes: Perform linear interpolation
using Eq. (3).

o Categorical Attributes: Randomly select and inherit
the attribute value from either x; or Xcigh.

4. Assign the predicted label Frp(Xpe) to the generated
Xnew and add it to Dyep,.

The settings for k are the same as those of Strategy III.

C. MoFGBML with Transferred Knowledge

MoFGBML is trained using the augmented data generated
in Section III-B to design fuzzy classifiers. MOFGBML simul-
taneously minimizes two objective functions: the error rate
f1(S) and the number of rules f(S). The resulting non-
dominated solution set provides classifiers that inherit the high
classification performance of LightGBM while maintaining
interpretability based on IF-THEN rules. In our experiments,
we evaluate the generalization performance of the obtained
fuzzy classifiers using test data that were not used in the
training process of LightGBM and MoFGBML.

IV. COMPUTATIONAL EXPERIMENTS
A. Datasets and Experimental Settings

Table I shows the fourteen real-world datasets used in the
computational experiments. These datasets are available in the
KEEL dataset repository [13]. In the table, N and C' denote the
number of numerical and categorical attributes, respectively. In
our experiments, all attributes, including categorical ones, are
normalized to the interval [0, 1].

In the computational experiments, we optimized the hyper-
parameters of LightGBM using Optuna. Table II shows the op-
timized hyperparameters and training settings. Next, we design
fuzzy classifiers using MoFGBML trained on the augmented



TABLE I
REAL-WORLD DATASETS

Dataset # Patterns  # Attributes (N/C)  # Classes
bal 625 4 (0/4) 3
bupa 345 6 (6/0) 2
contraceptive 1473 9 (2/7) 3
heart 270 13 (5/8) 2
iris 150 4 (4/0) 3
mammographic 830 5 (1/4) 2
newthyroid 215 5 (5/0) 3
pima 768 8 (8/0) 2
sonar 208 60 (60/0) 2
tae 151 5 (1/4) 3
vehicle 846 18 (18/0) 4
wine 178 13 (13/0) 3
wisconsin 699 9 (9/0) 2
yeast 1484 8 (8/0) 10

TABLE 11

HYPERPARAMETERS AND PARAMETER SETTINGS OF LIGHTGBM

Settings / Parameters Descriptions / values

Tuning Strategy Stepwise Tuning

Objective binary / multiclass
Metric binary_logloss / multi_logloss
Boosting Type gbdt

Max Boosting Rounds 2,000

Early Stopping Rounds 200

Automatically Tuned Hyperparameters Search range

Feature fraction [0.4,1.0]
Number of leaves (2, 256]
Bagging fraction [0.4,1.0]
Bagging frequency [1,7]

L1 regularization [10~8,10.0]
L2 regularization [1078,10.0]
Min child samples (5,100]

data. Table III shows the parameters of MoFGBML. We per-
formed each strategy for 30 runs (i.e., 10-fold cross-validation
repeated three times). To ensure statistical reliability, average
error rates were calculated only for rule counts that appeared
in at least 16 out of 30 runs.

B. Experimental Results

First, we select the bupa dataset as a representative example
to visualize the effects of different settings of m, o, and k for
perturbation-based sampling and SMOTE-based interpolation
on the trade-off between the error rate and the number of rules.
Figs. 2, 3, and 4 illustrate the test error rates for all settings
of m, o, and k in Strategies I, II, and III, respectively.

Focusing on the results obtained using only the original
training data in the conventional approach (i.e., red line in
the plot), we can observe that the error rate is approximately
5% worse than that of LightGBM. We can also observe that
the error rate remains almost unchanged when the number of
rules exceeds six. This indicates that increasing the complexity
(i.e., the number of rules) does not necessarily lead to an
improvement in generalization performance.

We compare the results obtained using the augmented
training data with the original data in Figs. 2, 3, and 4.

TABLE III
PARAMETER SETTINGS OF MOFGBML

Parameters Values
Initial population size 60
Offspring population size 60
Number of generations 5,000
Number of evaluated solutions 300,000
Probability of Michigan operation 0.5
Crossover probability in Pittsburgh operation 0.9
Mutation probability in Pittsburgh operation 1/N(S)
Crossover probability in Michigan operation 0.9
Mutation probability in Michigan operation 1/n
Rule change rate in Michigan operation 0.2
Max number of rules 60

N(S): Number of rules in S, n: Number of attributes

While the results vary according to the parameters m, o,
and k, the proposed strategies outperform the conventional
method (i.e., ”Original” in the plots) in most settings. In some
settings, generalization performance comparable to that of
LightGBM is also achieved. This demonstrates the robustness
of the proposed data augmentation strategies and indicates
the successful generation of fuzzy classifiers with higher
generalization performance.

It is worth noting that, in Strategies II and III as shown in
Figs. 3 and 4, using the augmented data tends to generate fuzzy
classifiers with a larger number of rules than those trained with
only the original data. In Strategy III, increasing the value
of k tends to generate new patterns across the entire pattern
distribution, making it more closer to Strategy II. We need
to further investigate how augmenting patterns over the entire
pattern distribution contributes to obtaining of fuzzy classifiers
with a larger number of rules. This is left as future work.

Next, we compare the generalization performance and the
complexity across all datasets. We choose the fuzzy classifier
with the best training error rate among the non-dominated
classifiers obtained by each MoFGBML. Table IV shows the
test error rates at the number of rules that minimized the
training error rate obtained by MoFGBML and the average
test error rates obtained by LightGBM. ~Original*” indicates
the test error rates of the MOFGBML trained on the original
dataset without data augmentation, where all class labels are
replaced by LightGBM’s predicted labels. The numbers in
parentheses represent the number of trees for LightGBM and
the number of rules in the selected fuzzy classifier. It should
be noted that we applied Strategy IV only to the datasets
which include the categorical attributes. Table V shows three
parameters (m, o, k) used to obtain the results in Table IV.
In Table IV, the best result among MoFGBML (i.e., Original,
Strategies [-IV) for each dataset is highlighted by boldface.
Better results than the original are also highlighted by blue
shading.

From Table IV, we can observe the fuzzy classifiers ob-
tained using the augmented data improved the generalization
performance for most of the datasets. Strategies I and II
seem to be more promising. The number of rules was not
substantially larger than that obtained using the original data.
We can also observe the error rates for some settings were
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better than those by LightGBM (e.g., Strategy I for iris and
pima, Strategy II for newthyroid, Strategy IV for tae).

From Table V, we can observe the number of repetitions
m was low in Strategies I and II. This indicates that a large
number of new patterns are not always necessary. We can also
observe that the number of neighbors k was small in Strategies
IIT and IV for most of the datasets. When we use a small &
for SMOTE, new patterns are generated only in the decision
boundaries. The number of newly generated patterns would

the entire feature space. Further investigation is required to
clarify this issue.

V. CONCLUSION

In this paper, we proposed four data augmentation strate-
gies for transferring the classification knowledge of a black-
box model to MoFGBML, with the aim of designing fuzzy
classifiers that possess high generalization performance while
maintaining interpretability. Experimental results showed that
the proposed methods successfully learned the classification
knowledge of the teacher model (i.e., LightGBM).

As future work, we further investigate the reason why
classifiers with a large number of rules are obtained and the
distribution of the newly generated patterns. Future work also



TABLE IV
TEST ERROR RATES AT THE NUMBER OF RULES THAT MINIMIZED THE TRAINING ERROR RATE OBTAINED BY MOFGBML AND AVERAGE TEST ERROR
RATES OBTAINED BY LIGHTGBM. THE NUMBERS IN THE PARENTHESES REPRESENT THE MODEL COMPLEXITY.

Dataset LightGBM Original Original* Strategy I~ Strategy II ~ Strategy III  Strategy IV
bal 2.19 (5909) 1691 (34) 1543 (34) 18.53 (42) 1513 (37) 17.18 (37) -
bupa 29.46 (265)  33.99 (16) 3232 (15) 30.61 (20) 30.64 (21)  31.52 (16) -
contraceptive 4456 (219) 4577 (38)  45.15(32) 46.01 (42) 44.74 (38) 46.92 (38) 46.37 (35)
heart 15.93 (84) 17.34 (15) 1848 (11) 16.88 (12) 16.90 (24)  16.94 (14) 16.29 (12)
iris 4.89 (344) 5.66 (4) 493 (3) 5.83 (4) 4.88 (5) 6.61 (4) -
mammographic 15.73 (108)  20.47 (14) 17.49 (10)  15.28 (8) 16.14 (14)  17.42 (11) 17.98 (11)
newthyroid 4.00 (562) 6.48 (6) 6.31 (6) 5.93 (6) 3.66 (8) 5.20 (6) -
pima 24.12 (76) 2476 (20)  24.11 (15) 24.72 (16) 24.85(23)  23.34 (16) -
sonar 11.92 (108) 2392 (12) 23.92 (12) 2392 (12) 22.55(16) 23.07 (14) -
tae 47.44 (173) 4999 (17) 47.41 (15) 4745 (17) 52.06 (17)  47.52 (16) 46.35 (15)
vehicle 22.58 (1060)  30.32 (36) 29.14 (34) 28.19 (38) 29.88 (38)  30.53 (40) -
wine 2.09 (425) 7.94 (4) 4.57 (8) 7.94 (4) 4.95 (5) 3.37 (5 -
wisconsin 2.97 (63) 4.42 (9) 7.94 (4) 3.58 (8) 3.50 (10) 3.51 (8) -
yeast 38.68 (667)  42.04 (28) 40.70 (26) 40.92 (33) 41.51 (39) 41.84 (27) -

< »

TABLE V
THE PARAMETERS (m, o, k) USED TO OBTAIN THE RESULTS IN TABLE IV

indicates that the strategy is not applicable due to attribute types.

Dataset Strategy I (m, o)  Strategy Il (m,o)  Strategy Il (k)  Strategy IV (k)
bal m=1,0=002 m=1,0=0.02 k=1 -
bupa m=>5,0=0.18 m=1,0=0.14 k=1 -
contraceptive m=1,0 =0.16 m=1,0=0.2 k=1 k=1
heart m=1,0=0.12 m=1,0=0.2 k=1 k=1
iris m=>5,06=0.16 m=20=0.02 k=2 -
mammographic m =2,0=0.16 m=1,0=0.18 k=1 k=1
newthyroid m=1,0=0.02 m=10=0.02 k=1 -
pima m=1,0=0.14 m=1,0=0.2 k=1 -
sonar m=1,0=002 m=1,0=0.04 k=1 -
tae m=1,0=0.18 m=1,0=0.02 k=1 k=1
vehicle m=1,0=0.02 m=10=0.02 k=1 -
wine m=1,0=002 m=2,0=0.02 k=2 -
wisconsin m=1,0=0.14 m=1,0=0.1 k=1 -
yeast m=1,0 =0.16 m=1,0=0.2 k=1 -

< >

includes evaluating performance on more datasets especially
large-scale datasets, and verifying the effectiveness of the
proposed framework when using black-box models other than
LightGBM as a teacher model.
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