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Abstract

Dimensionality reduction is a key stage in data processing. Eliminating irrelevant at-
tributes from the input dataset enables more efficient processing and supports the de-
velopment of robust Machine Learning models. In particular, when dealing with large
datasets, attribute reduction algorithms can significantly reduce computational complex-
ity while minimizing the loss of valuable information contained in the data. This paper
explores the potential application of a Feature selection method based on Rough Set The-
ory for multivariate data. The experiments were conducted on the publicly available Tai-
wan Credit dataset. The results show that limiting the input feature space to a minimal set
of attributes generated by a reduct selection algorithm not only reduces training and in-
ference time for Machine Learning or Deep Learning models but may also improve their
classification performance. The models achieved higher Accuracy and better adaptability
to the input data, as confirmed by increased or comparable Precision and Recall scores.
Additionally, the findings indicate that applying Feature selection using a reduct set can
lead to more efficient data processing. These results suggest that integrating Rough Set
Theory with Deep Learning models still represents a promising approach to analyzing
attribute-value data.
Keywords: rough sets, deep learning, dimension reduction, minimal reduct

1 Introduction

Modern data analysis is characterized by the
dynamic advancement of methods and techniques
for processing various types of information [90].
Data typically appear in homogeneous formats with
a different dimensionality, such as: images, audio,
sequences of video frames and increasingly data
point clouds [65]. Numerous algorithms and meth-
ods [4, 6, 15, 16, 30] enable the discovery of use-
ful patterns hidden within the dataset, which can
significantly impact the success of business initia-

tives and key investments [25]. In practical ap-
plications, which encompass a wide range of sce-
narios – from Image analysis [5, 82] and customer
segmentation [66], Clustering [12] to Trend analy-
sis on market [48, 81], Sentiment and social analy-
sis [11, 39, 49, 54], Recommendation systems [41]
and Natural Language Processing (NLP) [67], Ma-
chine Learning (ML) offers the most versatile solu-
tions in dealing with them in an optimized way [5,
61, 64, 79]. As Big Data continues to grow [40], tra-
ditional statistical inference-based methods prove
to be definitely insufficient, not only failing to cap-
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ture critical dependencies but also lacking the effi-
ciency needed to process vast amounts of data si-
multaneously.

Data mining [25] can be regarded as a multi-
stage process, aimed at extracting valuable insights
(hidden patterns), where the accuracy and valid-
ity of interpretations remain dependent on human
expertise (domain knowladge). One of the most
critical stage in data preprocessing is the reduction
of dataset size, which enhances the efficiency and
effectiveness of Machine Learning models by de-
creasing the number of input features. Several al-
gorithms have been developed for such reduction.
Principal Component Analysis (PCA) has gained
the greatest recognition in the field and is now one
of the most widely used approaches [35]. A no-
table and important method in this field is Rough
Set Theory (RS). The innovative concept was in-
troduced by Z. Pawlak [52, 76], who proposed a
novel technique for information processing, partic-
ularly in cases characterized by uncertainty, impre-
cision, and vagueness [53]. While seemingly in-
tuitive, addressing these issues in the practical ap-
plication of this method has led to numerous stud-
ies, like [10, 18, 20, 21, 23, 55, 63, 72, 75, 92] and
many solutions [1, 22, 28, 36, 43, 47, 50, 60, 69, 73,
77, 80, 83, 85, 88, 89] aimed at minimizing their
impact on the Knowledge Discovery in Databases
(KDD) process, especially in Decision systems. RS
continues to be widely recognized in the scientific
community, particularly in Japan, the USA, China,
Canada and Poland.

Moreover, the availability of a wide range of
programming tools facilitating the efficient applica-
tion of RS [56] – such as LERS [19], RSES [27],
ROSE2 [59], jMAF [8], ROSETTA [37], the
R statistical computing package [14, 62], and
WEKA [32] – has contributed to its growing pop-
ularity among researchers in data analysis, includ-
ing computer scientists, data scientists, and those
interested in the formal aspects of the theory. In
the context of Deep Learning (DL) models, which
are gaining increasing relevance in the analysis of
tabular data, reducing the number of features in the
space can lead to faster training times and overall
performance improvements. However, despite its
potential benefits, the application of RS in conjunc-
tion with basic DL models remains still an underex-
plored research area.

The objective of this study is to investigate the
impact of dimensionality reduction based on RS on
the classification performance of DL models ap-
plied to structured tabular data. The conducted
experiments employed an exhaustive algorithm for
proper conditional attribute selection. We com-
pared the results of models trained on both original
and reduced datasets. The analysis was performed
on benchmark dataset. The findings indicate that,
in the most cases, feature reduction contributed to
improved classification performance. The experi-
ments revealed not only a decrease in training and
inference time but also an increase in the ROC AUC
score, suggesting better model adaptation to input
data. These results support the hypothesis that in-
tegrating RS wit DL models presents a promising
approach for complex data analysis, warranting fur-
ther research and development.

2 Deep Learning in tabular
datasets processing

Deep Learning has revolutionized modern data
analysis by introducing powerful computational
models capable of extracting hierarchical patterns
from data. These models are the successors of
the well-known classical Neural Networks devel-
oped as early as the 1980s. However, unlike tra-
ditional Machine Learning methods, which often
rely on manually engineered features, Deep Neural
Networks (DNN) learn abstract, hierarchical rep-
resentations directly from raw input data. They
have achieved State-of-the-art performance across
a wide range of domains, including image recog-
nition, Natural Language Processing (NLP), time-
series forecasting, etc. Conventional approaches,
which required handcrafted features and careful
adaptation to rapidly changing input conditions, of-
ten failed to deliver satisfactory results. Many com-
plex problems are difficult to formulate using Rule-
based algorithms. They have become the domain
of DNN models capable of capturing intricate in-
ternal regularities and dependencies in data. In this
regard, DNN have proven to be unmatched. How-
ever, the application of DNNs to multivariate data –
such as tabular datasets and time-series – presents
unique challenges and opportunities. In their orig-
inal applications, DNN primarily processed image
data, and later expanded to sequential data like au-
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oped as early as the 1980s. However, unlike tra-
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rely on manually engineered features, Deep Neural
Networks (DNN) learn abstract, hierarchical rep-
resentations directly from raw input data. They
have achieved State-of-the-art performance across
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which required handcrafted features and careful
adaptation to rapidly changing input conditions, of-
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plex problems are difficult to formulate using Rule-
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of DNN models capable of capturing intricate in-
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dio and more recently to point clouds and other 3D
structures. There is no doubt that today computa-
tional resources are sufficient to process such data
efficiently.

While effective in many domains, DL mod-
els face unique challenges when addressing tabu-
lar datasets or time-series. These challenges in-
clude issues like class imbalance, missing values,
limited data availability and the demand for inter-
pretability. Unlike unstructured data (e.g. images
or audio), structured data often lack inherent spatial
or sequential patterns, making it more difficult for
deep architectures to automatically extract mean-
ingful representations. As a result, the development
of specialized architectures and preprocessing tech-
niques becomes essential to harness the full poten-
tial of DL in these contexts.

2.1 Key DNN Architectures

Deep Learning models for complex data repre-
sentations leverage architectures designed to cap-
ture a wide range of features as temporal dependen-
cies, feature dependencies, and hierarchical repre-
sentations. Some of the most relevant architectures
used in such data processing include:

– Fully Connected Neural Networks (FCNNs):
Simple and effective for structured data, can
approximate any function given enough hidden
units. They are particularly useful in classifi-
cation and regression tasks where feature inter-
actions are nontrivial. On the other hand, this
kind of layers prone to overfitting and requires
careful feature engineering. It can be character-
ized as lacks the ability to capture sequential de-
pendencies. Additionally, FCNNs may struggle
when dealing with high-dimensional data with-
out proper regularization.

– Convolutional Neural Networks (CNNs) are ef-
ficient at capturing spatial and local patterns in
sequences, parameter sharing reduces computa-
tional cost. These layers are useful for time-
series classification and even anomaly detection.
CNNs can extract local dependencies and hier-
archical patterns, making them well-suited for
structured feature learning. At the same time,
CNNs are limited ability to model long-range
dependencies. They may require large datasets

for effective training. CNNs may also strug-
gle with interpretability in certain applications,
making it difficult to determine the relevance of
extracted features.

– Recurrent Neural Networks (RNNs) are de-
signed mainly for sequential data, they maintain
an internal state that captures temporal depen-
dencies. Especially, RNNs are useful for time-
series forecasting and NLP modelling. RNNs
allow for dynamic temporal modeling, which is
essential for data with complex time dependen-
cies. In contrast to many ML models, they suffer
from vanishing gradient problems, challenging
to train over long sequences and is computation-
ally expensive. Due to their sequential nature,
RNNs can be difficult to parallelize, leading to
increased training time.

– Long Short-Term Memory (LSTM) Networks
addresses vanishing gradient issues, retains
long-term dependencies, widely used in se-
quential data processing. LSTM units contain
gates that allow for better control over infor-
mation flow, improving performance on long
time-series. The main disadvantages of this
kind of layers are that they have a high com-
putational cost and requires significant training
time. LSTMs may also suffer from high mem-
ory consumption, which limits their scalability
in resource-constrained environments.

– Gated Recurrent Units (GRUs) can be consid-
ered to be more computationally efficient than
LSTMs, effective in capturing dependencies in
sequential data. They require fewer parameters.
GRUs simplify the gating mechanisms found in
LSTMs while maintaining comparable perfor-
mance. However, may not perform as well as
LSTM on tasks that require longer memory re-
tention. GRUs also lack the explicit memory cell
structure of LSTMs, which can be a disadvan-
tage for modeling very long sequences.

– Hybrid Architectures (e.g. CNN-RNN,
Transformer-based models) leverage the
strengths of multiple architectures and improve
performance on complex tasks. They are useful
in many domains, not only in financial fore-
casting and biomedical signal analysis. Hybrid
models allow for both spatial and temporal fea-
ture extraction, leading to robust representations
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of sequential data. The increase in complexity
is the main issue of such complex architectures.
Sometimes, they require more computational re-
sources and are difficult to interpret by humans.
Training hybrid models may also involve more
hyperparameter tuning and computational over-
head.

In many applications, ML models such as Gra-
dient Boosted Decision Trees (e.g. LightGBM, Cat-
Boost, XGBoost) still outperform DL approaches in
both accuracy and efficiency, especially for small-
to medium-sized datasets. However, architectures
like TabNet [2] and FTTransformer [78] attempt to
bridge this gap by combining interpretability and
automatic feature learning.

2.2 Challenges in applying Deep Learning

Despite its success in various fields, DL faces
several challenges when applied to tabular and
time-series data. Some of them was listed below
and more described in [7, 17]

– High Dimensionality: Many real-world datasets
contain numerous irrelevant or redundant fea-
tures, which can lead to increased computational
complexity and overfitting. Regularization tech-
niques such as dropout and weight decay help
mitigate this issue. Additionally, feature selec-
tion methods such as RS can enhance model per-
formance by removing unnecessary attributes.

– Data Scarcity: Unlike image or text datasets,
where large labeled corpora are available, tabu-
lar datasets often have limited labeled instances,
making training DNN challenging. Semi-
supervised learning and data augmentation tech-
niques can be useful in addressing this prob-
lem. Transfer learning and self-supervised
approaches also show promise in leveraging
knowledge from related tasks.

– Feature Importance Interpretation: DL models
are often criticized for their lack of interpretabil-
ity. Understanding which features contribute
most to model decisions is crucial for appli-
cations in finance, healthcare, and other high-
stakes domains. Methods such as SHAP values,
LIME provide insights into feature importance.
Additionally, explainability techniques such as

attention mechanisms and surrogate models of-
fer avenues for improving interpretability in DL
applications

The incorporation of DL models for complex data
analysis presents both challenges and opportunities.
While architectures such as FCNNs, CNNs, RNNs,
and their hybrid models offer powerful solutions,
their effectiveness is highly dependent on the qual-
ity of input features. The application of RS for
feature selection addresses key limitations by en-
hancing model efficiency, improving classification
accuracy and reducing training complexity. More-
over, incorporating advanced techniques such as at-
tention mechanisms, data augmentation, and inter-
pretability tools further refines the performance of
DL models on datasets. The results of this study
indicate that leveraging RS in conjunction with DL
constitutes a promising approach to analyzing tab-
ular datasets and time-series, warranting further ex-
ploration and refinement. Future research should
focus on the integration of DL models with hybrid
feature selection techniques, as well as the develop-
ment of novel architectures tailored for data appli-
cations.

2.3 Integration of Rough Sets with Deep
Learning for feature selection

Feature selection techniques, such as those
based on RS, play a crucial role in mitigating the
aforementioned challenges. By eliminating redun-
dant and irrelevant features, RS can:

– Improve model generalization by reducing over-
fitting

– Decrease training and inference time by lower-
ing computational complexity

– Enhance interpretability by highlighting the
most significant attributes

Integrating RS with DL models provides a
structured approach to handling attribute-value data
efficiently. The experiments carried out in this study
demonstrate that reducing the number of the fea-
tures before training DNN leads to better classifi-
cation performance and higher ROC AUC scores.
Using RS, models can focus on the most informa-
tive features, leading to improved decision-making
processes and robustness against noise.
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3 Fundamentals of Rough Set The-
ory

Rough Set Theory was introduced in the early
1980s by Z. Pawlak. The theory is one of the pos-
sible generalizations of classical set theory, along-
side other well-known approaches such as fuzzy
set theory (which expresses element membership
through a characteristic function) and L-fuzzy set
theory (which is based on a lattice algebraic struc-
ture). Despite the passage of time, RS remains a
highly relevant and widely explored research area,
particularly among scientists and researchers from
China, Japan, and the United States. Its ongoing
popularity and significance are reflected in interna-
tional conferences dedicated to the topic, as well
as an extensive body of literature, including pres-
tigious publication series such as Transactions on
Rough Sets (Springer).

The contributions of numerous researchers –
both in terms of theoretical-mathematical founda-
tions and practical applications – have led to the de-
velopment of various tools that facilitate the use of
RS in diverse domains, particularly within artificial
intelligence applications. The continuous publica-
tion of research articles and real-world applications
demonstrates that, while RS is a well-established
approach, it continues to evolve in both theoretical
advancements and practical implementations.

This chapter provides a concise introduction to
the fundamental concepts of RS. A more detailed
and rigorous treatment can be found in the seminal
monograph [52].

3.1 Information System

In the context of RS, an information system rep-
resents the knowledge of an agent, which is inter-
preted as the ability to distinguish (classify) objects
in the real world. From a mathematical perspective,
classification is described using equivalence rela-
tions (or families of such relations). The finer the
classification (i.e., the greater the distinguishability
of objects and the smaller the equivalence classes),
the more knowledge the agent possesses about its
environment.

Let U be a non-empty, finite set of objects, re-
ferred to as the universe of discourse, generated
through observations. The set U thus includes

all entities, objects, persons, and events mentioned
in the previous section, upon which we build our
knowledge. For each object, we can specify a set of
characteristics, referred to as attributes. The non-
empty, finite set of all possible attributes for the ob-
jects in the universe is denoted by A, with individ-
ual attributes represented by lowercase letters such
as a1. Given these sets, we define:

a : U →Va (1)

where Va represents the set of possible values
for a given attribute. More precisely,

A =
∪
a∈A

Va. (2)

A pair IS = (U,A) defines an information sys-
tem. It is most commonly represented in the form
of a decision table, where rows correspond to exam-
ined entities and columns represent attributes. The
cells at the intersection of rows and columns con-
tain the specific attribute values assigned to objects
in the domain.

3.2 Decision Table

In practical applications of RS, the most com-
mon data representation is the decision table. It ex-
tends the information system (Section 3.1) by incor-
porating an additional attribute known as the deci-
sion attribute. The decision attribute is crucial as it
enables the precise assignment of specific observa-
tions (e.g. measurements, individuals) to predefined
classes. However, this assignment may sometimes
lead to inconsistencies among objects within the do-
main. Let

TabDec = (U, A∪{d})

be a decision table. According to [52], the decision
attribute is not strictly considered an element of the
attribute set A. The tabular representation allows for
distinguishing between conditional attributes and
the decision attribute (conclusion), which does not
belong to A. This distinction justifies the use of the
union notation A∪{d} in the formula for TabDec.

As previously noted, the data processed in de-
cision tables often exhibit redundancy, incomplete-
ness, or inconsistency. Some attributes may be un-
necessary, objects and attribute values may be re-
peated, and inconsistencies may arise when objects
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with identical conditional attribute values are as-
signed to different decision classes.

3.3 Indiscernibility Relation

The objects forming the universe of discourse
U possess attributes that differentiate them from or
group them with other objects. In large datasets,
such as medical records from hospital patients, it
is expected that certain symptoms will consistently
characterize specific diseases. However, rather than
providing an excessively detailed description of re-
ality, it is often preferable to focus on the discrimi-
nation of subtle details.

The indiscernibility relation to groups of ob-
jects that share similar attribute values. Let

IS = (U, A)

be an information system. Given this system, we
define a subset of attributes A′ ⊆ A and formalize
the indiscernibility relation as follows:

INDIS(A′)= {(x,y)∈U×U | ∀a∈A′ : a(x)= a(y)}

From an algebraic perspective, this relation is an
equivalence relation since it is symmetric, reflex-
ive, and transitive [52].

Objects that are indiscernible in U share identi-
cal values for the attributes under consideration. As
an equivalence relation, indiscernibility partitions
the universe U into disjoint subsets known as equiv-
alence classes. The equivalence class of an object x
under INDIS(A′) is denoted as:

[x]A′

Each equivalence class groups objects exhibiting
similarity with respect to attributes in A′, mean-
ing x ∼ y under INDIS(A′) if and only if their at-
tribute values match. Z. Pawlak linked the concept
of indiscernibility to the ability to classify objects,
thereby defining knowledge within the framework
of RS. The indiscernibility relation partitions the
universe into a family of disjoint subsets – abstrac-
tion classes – which serve as the fundamental ele-
ments of an agent’s knowledge. Equivalent terms
in this context include concepts, categories, and no-
tions. It is important to note that the universe U is

not characterized by a single indiscernibility rela-
tion but by a family of such relations, each defining
equivalence classes according to different sets of at-
tributes. This family of indiscernibility relations,
along with the universe generated by the objects,
constitutes what Pawlak termed the knowledge base
of an agent [52].

3.4 Reduct

Data sets often exhibit redundancy due to the
presence of attributes or instances that are exces-
sive and unnecessary for further analysis. As noted
in [52], a specific form of data reduction is an iden-
tification of structures such as equivalence classes
(where a single element from the set U is sufficient
to represent the entire equivalence class to which it
belongs). There is a need to extract from the dataset
only those attributes from the dataset that are es-
sential while ensuring that classification based on
the reduced structure does not deteriorate. Addi-
tionally, the approximation of the set must be pre-
served. To achieve this, the concept of a reduct is
introduced.

A reduct of an information system IS is defined
as a minimal subset B of the attribute set A of the
system, such that the following property holds re-
garding the inclusion of attribute sets:

B ⊆ A (3)

The indiscernibility relation is preserved, i.e.,

INDIS(A) = INDIS(B) (4)

Finding the minimal reduct set belongs to the class
of NP-hard problems and is considered a bottle-
neck [53] in this formalism. For an information
system IS defined using r attributes, the number of
potential reducts is given by:

(
r

⌊r/2⌋

)
(5)

Reducts allow for significant simplification of
knowledge by restricting the set of attributes to only
those necessary to maintain the approximation of
the set [52]. To express the concept of a reduct more
precisely, let R denote the family of equivalence re-
lations constructed over the space U (this consider-
ation is made in the context of a relational system,

1The term "dispensable relations" is also used.
2The term "indispensable relations" is also used.
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ing x ∼ y under INDIS(A′) if and only if their at-
tribute values match. Z. Pawlak linked the concept
of indiscernibility to the ability to classify objects,
thereby defining knowledge within the framework
of RS. The indiscernibility relation partitions the
universe into a family of disjoint subsets – abstrac-
tion classes – which serve as the fundamental ele-
ments of an agent’s knowledge. Equivalent terms
in this context include concepts, categories, and no-
tions. It is important to note that the universe U is

not characterized by a single indiscernibility rela-
tion but by a family of such relations, each defining
equivalence classes according to different sets of at-
tributes. This family of indiscernibility relations,
along with the universe generated by the objects,
constitutes what Pawlak termed the knowledge base
of an agent [52].

3.4 Reduct

Data sets often exhibit redundancy due to the
presence of attributes or instances that are exces-
sive and unnecessary for further analysis. As noted
in [52], a specific form of data reduction is an iden-
tification of structures such as equivalence classes
(where a single element from the set U is sufficient
to represent the entire equivalence class to which it
belongs). There is a need to extract from the dataset
only those attributes from the dataset that are es-
sential while ensuring that classification based on
the reduced structure does not deteriorate. Addi-
tionally, the approximation of the set must be pre-
served. To achieve this, the concept of a reduct is
introduced.

A reduct of an information system IS is defined
as a minimal subset B of the attribute set A of the
system, such that the following property holds re-
garding the inclusion of attribute sets:

B ⊆ A (3)

The indiscernibility relation is preserved, i.e.,

INDIS(A) = INDIS(B) (4)

Finding the minimal reduct set belongs to the class
of NP-hard problems and is considered a bottle-
neck [53] in this formalism. For an information
system IS defined using r attributes, the number of
potential reducts is given by:

(
r

⌊r/2⌋

)
(5)

Reducts allow for significant simplification of
knowledge by restricting the set of attributes to only
those necessary to maintain the approximation of
the set [52]. To express the concept of a reduct more
precisely, let R denote the family of equivalence re-
lations constructed over the space U (this consider-
ation is made in the context of a relational system,

1The term "dispensable relations" is also used.
2The term "indispensable relations" is also used.
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which constitutes a knowledge base). It is easy to
see that for such a defined system, some relations
are removable 1 while others are non-removable 2.

A relation B ∈ R is removable in R if the fol-
lowing holds:

INDIS(R) = INDIS(R−{B}) (6)

Similarly, a relation B is considered non-
removable in R if:

INDIS(R) ̸= INDIS(R−{B}) (7)

In this case, if any relation T is considered non-
removable, it can be added that for every non-
removable B ∈ R, the family R is independent.

These mathematical observations allow us to
define, de facto, the reduct R 3 as a set of certain
independent relations (possibly all of them) B′ ⊆ R,
where:

INDIS(R) = INDIS(B′) (8)

For a given system IS, there may exist more than
one reduct. Most often, the goal is to obtain a min-
imal reduct (in terms of size), meaning it consists
only of the necessary attributes.

3.5 Core

The core CORE(R) can be expressed using the
previously introduced relationships as the intersec-
tion of the considered reducts:

CORE(R) =
∩

B∈RED(R)

B (9)

It is the set of all indispensable relations in R.

3.6 Relative Reduct and Core

The definitions introduced in the previous sec-
tions essentially concern indiscernibility in the in-
formation system IS. To extend them to the indis-
cernibility of objects concerning decision values as-
signed to individual objects within a class, the con-
cepts of relative reduct and relative core are intro-
duced in [52].

Let P and Q be equivalence relations con-
structed over the space of consideration generated

by the available objects U . Then, the knowledge
contained in one classification can describe the
knowledge contained in the other.

The P-positive region of Q is the set of all ob-
jects x ∈U that can be correctly classified into cate-
gory Q using the partition resulting from the knowl-
edge of P4:

POSP(Q) =
∪

X∈U/Q

PX (10)

If we refer to P and Q as families of equivalence
relations built over a finite space of consideration
U , then R ∈ P is Q-dispensable in P if the follow-
ing condition holds:

POSIND(P)(IND(Q)) = POSIND(P−{R})(IND(Q))
(11)

Otherwise, R is considered Q-indispensable. If
every R in P is Q-indispensable, then P is Q-
independent.

In turn, this leads to the definition of the Q-
reduct P (relative reduct) as a family S, where S⊆P,
if S is a Q-independent subfamily of P and the fol-
lowing condition is satisfied:

POSS(Q) = POSP(Q) (12)

The Q-core for P5 (relative core) is defined as
the set of all Q-indispensable elementary relations
in P.

3.7 Discernibility Matrix

In problems related to knowledge reduction and
the determination of reduct sets, the concept of dis-
cernibility matrix is often encountered. It is defined
as follows:

ci j =
{

a ∈ A | a(xi) ̸= a(x j)
}
, (13)

where n is the number of objects, and the indices
are in the range i, j = 1..n. The matrix is symmetric,
and each cell stores the attributes for given objects
xi and x j that allow these objects to be distinguished
from each other.

The concept of the discernibility matrix can be
extended to a k-relative discernibility matrix, in
which the cells of such a structure contain only

3Denoted as RED(R)
4Classification U/P
5Denoted as COREQ(P)
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those attributes that allow distinguishing the object
xi from x j in the case where they belong to different
decision classes (equivalence classes with respect to
the k-th equivalence class) [52].

From our perspective, the discernibility matrix
is one of the most interesting research objects. The
process of constructing the discernibility matrix is
time-consuming and serves as the foundation for
many algorithms based on RS. Consequently, the
input matrix frequently needs to be simplified be-
fore the reduct can be derived [87]. The informa-
tion produced by this matrix facilitates a deeper un-
derstanding of the interdependencies between at-
tributes and additionally offers statistical descrip-
tors that can support the assessment of attribute sig-
nificance, providing a complementary perspective
to standard feature-importance measures.

3.8 Discernibility Function

The discernibility function is a monotonic
Boolean function defined as follows:

fIS(a∗1, . . . ,a
∗
m)=

∧{∨
c∗i j

∣∣∣ 1 ≤ j ≤ i ≤ n, ci j ̸= /0
}
,

(14)

where ci j =
{

a∗ | a ∈ ci j
}

. This function6 is
constructed from the conjunction of subsequent
columns of the discernibility matrix (each cell of
the discernibility matrix consists of disjunctions of
attributes that distinguish these objects, while each
row of the discernibility function corresponds to a
column in the discernibility matrix). Applying the
well-known logical absorption law, this function
can be significantly simplified. Similarly to the dis-
cernibility matrix [52], this concept can be extended
to selected k-columns of the discernibility matrix
(for a given decision class k, forming the k-relative
discernibility function.

3.9 Feature Stability and Co-occurrence
Network Analysis

To assess the significance and robustness of
representative conditional attributes, the RS frame-
work based on the Discernibility matrix and derived
reducts was applied.

For a universe of objects U described by con-
ditional attributes A = {a1, . . . ,aN} and a decision

attribute d, the discernibility matrix is defined as:

Di j = {a∈A | a(xi) ̸= a(x j)}, for all d(xi) ̸= d(x j).

Each entry Di j lists the set of attributes that differ-
entiate two instances belonging to the distinct deci-
sion classes. Minimal subsets of attributes that pre-
serve the same discernibility power are identified as
reducts.

Reduct stability. To evaluate stability across the
K = 5 cross-validation folds, overlap-based metrics
were computed between each pair of reducts. The
Jaccard Index measures direct subset agreement:

J(Ri,R j) =
|Ri ∩R j|
|Ri ∪R j|

,

while the Kuncheva Index (KI) accounts for chance-
level overlap [68]:

KI =
rN − k2

k(N − k)
,

where N is the total number of attributes, k = |Ri|=
|R j| is the subset size, and r = |Ri ∩R j| denotes in-
tersection size. Values of KI > 0.5 indicate strong
consistency beyond random coincidence. The mean
Jaccard and Kuncheva indices across folds quantify
global stability of the selection process.

Feature co-occurrence graph. A co-occurrence
matrix C was constructed to capture joint partici-
pation of attributes in reducts:

Cpq = |{R ∈ R : p ∈ R∧q ∈ R}| ,

This symmetric matrix was normalized to form
a weighted, undirected graph G = (V,E,w), where
nodes represent attributes and edge weights corre-
spond to normalized co-occurrence frequencies.

Network-level [38, 45, 84] descriptors were
then computed to reveal interaction patterns:

– Degree centrality CD(v) = ∑u Avu
N−1 – measures di-

rect connectivity. The total number of attributes
is denoted by N = |V |. Avu represents the weight
of the edge between nodes. v and u, and the
summation ∑u Avu corresponds to the weighted
degree of node v.

6The set of all prime implicants forming the discernibility function determines the identification of all reducts in the system in
which it is defined.
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nificance, providing a complementary perspective
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attributes that distinguish these objects, while each
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well-known logical absorption law, this function
can be significantly simplified. Similarly to the dis-
cernibility matrix [52], this concept can be extended
to selected k-columns of the discernibility matrix
(for a given decision class k, forming the k-relative
discernibility function.
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Network Analysis

To assess the significance and robustness of
representative conditional attributes, the RS frame-
work based on the Discernibility matrix and derived
reducts was applied.

For a universe of objects U described by con-
ditional attributes A = {a1, . . . ,aN} and a decision

attribute d, the discernibility matrix is defined as:

Di j = {a∈A | a(xi) ̸= a(x j)}, for all d(xi) ̸= d(x j).

Each entry Di j lists the set of attributes that differ-
entiate two instances belonging to the distinct deci-
sion classes. Minimal subsets of attributes that pre-
serve the same discernibility power are identified as
reducts.

Reduct stability. To evaluate stability across the
K = 5 cross-validation folds, overlap-based metrics
were computed between each pair of reducts. The
Jaccard Index measures direct subset agreement:

J(Ri,R j) =
|Ri ∩R j|
|Ri ∪R j|

,

while the Kuncheva Index (KI) accounts for chance-
level overlap [68]:

KI =
rN − k2

k(N − k)
,

where N is the total number of attributes, k = |Ri|=
|R j| is the subset size, and r = |Ri ∩R j| denotes in-
tersection size. Values of KI > 0.5 indicate strong
consistency beyond random coincidence. The mean
Jaccard and Kuncheva indices across folds quantify
global stability of the selection process.

Feature co-occurrence graph. A co-occurrence
matrix C was constructed to capture joint partici-
pation of attributes in reducts:

Cpq = |{R ∈ R : p ∈ R∧q ∈ R}| ,

This symmetric matrix was normalized to form
a weighted, undirected graph G = (V,E,w), where
nodes represent attributes and edge weights corre-
spond to normalized co-occurrence frequencies.

Network-level [38, 45, 84] descriptors were
then computed to reveal interaction patterns:

– Degree centrality CD(v) = ∑u Avu
N−1 – measures di-

rect connectivity. The total number of attributes
is denoted by N = |V |. Avu represents the weight
of the edge between nodes. v and u, and the
summation ∑u Avu corresponds to the weighted
degree of node v.

6The set of all prime implicants forming the discernibility function determines the identification of all reducts in the system in
which it is defined.
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– Betweenness centrality CB(v) = ∑s̸=v̸=t
σst(v)

σst
–

identifies bridging attributes. In this formula,
σst denotes the total number of shortest paths
between nodes s and t, while σst(v) can be de-
scribed as the number of those paths that pass
through node v. Shortest paths are computed us-
ing edge distances defined as the inverse of co-
occurrence weights.

– Eigenvector centrality Ax = λx – captures global
influence via connected important nodes. In this
measure, x is the eigenvector associated with the
largest eigenvalue λ of the adjacency matrix A,
and the v-th component of x quantifies the rela-
tive influence of node v in the network.

– Weighted clustering coefficient – quantifies the
tendency of attributes to form tightly connected
groups, accounting for co-occurrence strength.
The coefficient was computed using a weighted
formulation implemented in NetworkX [24].

– Graph density = 2|E|
N(N−1) – reflects overall inter-

dependence.

– Modularity

Q =
1

2m ∑
i j

(
Ai j −

kik j

2m

)
δ(ci,c j),

indicating the strength of community structure
(e.g., behavioral, financial, demographic clus-
ters). In this Modularity formula, ki and k j de-
note the degrees of nodes i and j, respectively,
m= |E| is the total number of edges in the graph,
and δ(ci,c j) is the Kronecker delta equal to 1 if
nodes i and j belong to the same community, and
0 otherwise.

Feature frequency and interpretation. The fre-
quency of each attribute across folds was computed
as:

f (a) =
1
K

K

∑
i=1

1a∈Ri .

In this formula, a denotes a single attribute, K is
the total number of folds, Ri represents the reduct
obtained in the i-th fold, and 1a∈Ri is the indicator
function equal to 1 if attribute a is included in Ri,
and 0 otherwise.

The stability and network measures constitute
the basis for the interpretation of selected attributes

in reducts; this interpretation is presented in the
subsequent sections. In general, attributes with both
high f (a) and high centrality values can be inter-
preted as core features, exhibiting stable inclusion
and strong relational influence.

Consequently, high Jaccard and Kuncheva val-
ues indicated reproducible reducts; high eigenvec-
tor and degree centralities identified central pre-
dictors (e.g. payment history variables); whereas
high betweenness scores corresponded to bridging
attributes (e.g. credit limit) linking distinct concep-
tual groups. Moderate density and positive modu-
larity further confirmed non-random, structured de-
pendencies among conditional features.

4 Proposed method of feature se-
lection using RS

This chapter outlines the foundations of our
method. In the context of dimensionality reduction,
there are various approaches to identifying the most
representative and effective features. Some of these
methods incorporate concepts from classical RS.
One such approach is the exhaustive method which
allows for the identification of all possible reducts.
While this approach has several advantages includ-
ing providing a complete set of potential reducts, it
is computationally expensive. The first subsection
presents several examples of such methods, while
the second focuses on our proposed approach.

4.1 Attribute Reduction Algorithms

Knowledge reduction plays a crucial role in data
exploration, particularly in terms of usability and
efficiency in data analysis. Reduction is performed
by identifying minimal subsets of attributes, known
as reducts, which preserve the classification struc-
ture derived from indiscernibility relations (approx-
imations) and additionally do not degrade classifi-
cation accuracy after reduction. Many tools im-
plementing these methods also include additional
functionalities, such as the identification of core at-
tributes. By applying these approaches, the volume
of processed data can be significantly reduced while
maintaining the quality of information.

Common Attribute Reduction Algorithms:

– Exhaustive Algorithm [74] – computes all mini-
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mal reducts by searching the entire space of pos-
sible solutions

– Genetic Algorithm [42, 71] – inspired by natural
evolution and optimization techniques

– Dynamic Reduct Algorithm [29] – identifies
reducts with the highest stability, meaning they
remain reducts across subtables of the decision
table

– Lattice-Based Reduction Algorithm [13, 86] –
utilizes lattice theory for attribute reduction

– Heuristic Search-Based Reduction Algo-
rithm [52, 91] – uses heuristics to efficiently
explore the search space.

– Johnson’s Algorithm [34, 46]– a greedy algo-
rithm that selects one frequent reduct (but does
not guarantee the optimal solution)

– Holte’s 1R Algorithm [26] – generates one
reduct per attribute in the reduct set.

– QuickReduct Algorithm [33, 70]– a dependency
function-based reduction method. It searches for
a single most significant attribute subset without
exhaustive search, starting from an empty sub-
set.

It is worth noting that over the past few years,
new approaches to generating sets of reducts have
been developed. Despite the passage of time, there
is still ongoing interest in classical methods, such as
the exhaustive algorithm for reduct generation [44].

4.2 Our methodology

In this work, we focus on the first approach,
namely the exhaustive algorithm (implemented in
RSES) which searches the whole space of possible
solutions to find all minimal reducts. This feature
is incorporated into the proposed concept. The pri-
mary goal of our research was to determine whether
reduction, in accordance with the RS approach,
would generally improve the performance of simple
ML/DL models in terms of model Accuracy, Bal-
anced Accuracy, Training time, and Testing time,
while maintaining an acceptable level of fit to ex-
isting data. The second goal is to evaluate stability
of generated reducts. In this case, we used well-
known framework for a complex network analysis

(NetworkX [24]). In addition, we determine at-
tribute significance coefficients and use statistical
information obtained from the generated discrim-
inability matrix for comparison purposes.

The Figure 1 outlines the steps in our approach.
This method involves constructing a discernibil-
ity matrix, generating all subsets of attributes, and
identifying those that preserve the partition of ob-
jects resulting from the indiscernibility relation. Al-
though the algorithm guarantees an optimal solu-
tion, its computational complexity grows exponen-
tially, limiting its applicability to large datasets.
However, it enables a precise analysis and elimi-
nation of redundant attributes, which is crucial for
data exploration and dimensionality reduction. In
our methodology, we compute a set of irreducible
attributes for the input dataset. Then, we limit the
input dataset to these features. In the subsequent
phase, we perform training and testing of selected
ML models (e.g. Logistic Regression) with special
focus on standard DNN architectures such as Tab-
Net and a three-layer multilayer perceptron (MLP).
The data are preprocessed and adapted to the ap-
propriate formats required by these layers. Dur-
ing Training and Testing phase, we evaluate the
models using various classification metrics such as
Accuracy, Precision, Recall, as well as Training
and Inference times for each model. Additionally,
leveraging the knowledge from the indiscernibility
matrix about the frequency of individual features,
we determine the significance of the attributes for
each training set using several importance measures
commonly used in Information Theory, such as In-
formation Gain and Entropy. We also consider other
techniques based on models like SHAP, XGBoost
or even Random Forest. Subsequently, for compari-
son purposes, we compare the obtained information
with additional insights derived from the indiscerni-
bility matrix. Throughout the research, we conduct
a comprehensive evaluation of the results produced
by the models. We make an effort to include a va-
riety of layer types, including some less commonly
used ones offered by the Keras library [9] and Py-
Torch [51]. We evaluate the performance of sev-
eral ML/DL models when trained and tested on both
full datasets (including all original features) and re-
duced datasets.

To minimize the impact of overfitting on the
trained models, additional protective mechanisms
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Torch [51]. We evaluate the performance of sev-
eral ML/DL models when trained and tested on both
full datasets (including all original features) and re-
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Figure 1. Workflow of the proposed feature selection and evaluation framework. The input data are first
preprocessed by standardization, encoding, and discretization. The dataset is then split into training (80%)
and test (20%) subsets. All RS–based operations, including the construction of the decision table, DM and

exhaustive generation of reducts are performed exclusively on the training data. Global and local
(fold-specific) reducts are computed within a K-fold cross-validation framework to assess feature stability.

Reduced feature subsets are subsequently used to train selected ML and DL models. Final evaluation is
conducted on the held-out test set using standard classification and computational performance metrics.

are implemented, such as Early stopping and ap-
propriate regularization of selected layers in some
models. The overall analysis of the results shows
that attribute reduction improves the performance
of ML/DL models. In particular, using the full
dataset was less effective in scenarios where at least
one attribute – identified as more significant accord-
ing to the applied measures – is already included in
the individual reducts.

Lastly developed bireduct concept [31] may be
also applied in the redundancy reduction. Bireduct
extends the classical notion of reduct by ensuring
not only the preservation of the dataset classifica-
tion ability but also the elimination of unnecessary
dependence on specific objects. A bireduct is a sub-
set of attributes which, when considered together
with a corresponding subset of objects, maintain
the discernibility between objects while reducing
redundancy in both dimensions. This means that
bireducts strike a balance between attribute reduc-
tion and object selection, making them particularly
useful in scenarios where the dataset contains noise
or irrelevant information [31]. The process of com-
puting bireducts is inherently more complex than
that of finding classical reducts, as it requires si-
multaneous exploration of both attribute and ob-
ject subsets. Due to the dual constraints on at-
tributes and objects, the computational burden in-

creases significantly. By contrast, the exhaustive al-
gorithm for computing classical reducts is consider-
ably more efficient and scalable, as it focuses solely
only on subsets of attributes. This lower computa-
tional complexity makes the reduct-based approach
a more practical option in many real-world appli-
cations, especially when object-level noise is min-
imal or can be addressed in earlier stages of data
preprocessing. Moreover, the minimal reducts ben-
efit from a strong theoretical foundation and offer
high interpretability, which further supports their
widespread use. Despite its greater complexity, the
bireduct approach offers important advantages in
similar tasks where both irrelevant attributes and
outlier objects need to be filtered out. The classi-
cal exhaustive algorithm for computing reducts re-
mains a fundamental benchmark due to its lower
computational cost and solid theoretical grounding.

5 Experiments

This chapter presents the key findings from ex-
periments evaluating the effectiveness of an ap-
proach based on RS in enhancing the performance
of selected DL models for tabular data processing.
The created models were implemented in Python.
Reducts generations were conducted using RSES
analystical tool. The study investigates the impact
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of RS on feature selection and model optimization
aiming to improve both overall computational effi-
ciency and Accuracy metrics for each case. The re-
sults provide insights into the practical applicability
of this methodology in various scenarios.

5.1 Data preparation

5.1.1 Dataset

The dataset used in this part of the study
is the Taiwan Credit Card Default dataset, a
widely recognized benchmark for evaluating pre-
dictive models in credit risk analysis and financial
decision-making. Originally released by the Taiwan
National University and made publicly available on
the UCI Machine Learning Repository, this dataset
has been used extensively in research on credit scor-
ing, financial risk prediction, and customer behav-
ior modeling.

It contains demographic and financial features
of credit card holders, along with a binary target
variable indicating whether a client defaulted on
payment in the following month. This dataset pro-
vides an excellent opportunity to evaluate Feature
selection methods and classification models in a
high-dimensional, imbalanced, and real-world fi-
nancial context.

5.1.2 Dataset Attributes

The dataset consists of 24 attributes – including
both numerical and categorical variables. A brief
description is provided below:

– ID: Unique identifier for each client.

– LIMIT_BAL: Amount of the given credit (in
NT dollars).

– SEX: Gender (1 = male, 2 = female).

– EDUCATION: Level of education (1 = gradu-
ate school, 2 = university, 3 = high school, 4 =
others).

– MARRIAGE: Marital status (1 = married, 2 =
single, 3 = others).

– AGE: Age of the client (years).

– PAY_0 – PAY_6: Repayment status for the past
six months (-1 = pay duly, 1 = payment delay by
one month, etc.).

– BILL_AMT1 – BILL_AMT6: Amount of bill
statement (in NT dollars) for each of the past six
months.

– PAY_AMT1 – PAY_AMT6: Amount of previ-
ous payments (in NT dollars).

– default payment next month: Target variable
(1 = default, 0 = no default).

5.1.3 Sample Data

Table 1 presents a representative sample of the
dataset.

This dataset was used to evaluate correlations
between financial, demographic, and behavioral
variables and the probability of credit default.

5.1.4 Dataset Characteristics

Table 2 summarizes key statistical characteris-
tics of the dataset.

Table 2. Statistical characteristics of the Taiwan
Credit dataset

Characteristic Value
Samples 30,000
Features 23 (excluding ID)
Positive Class (Default) 22.1%
Negative Class (No Default) 77.9%
Age Range (years) 21–79
Missing Values 0%
Feature Types 6 continuous,

8 categorical,
9 ordinal

The dataset exhibits a class imbalance typical
of financial default data, which makes it an excel-
lent test case for evaluating model robustness and
fairness.

5.1.5 Preprocessing Pipeline

Table 3 summarizes the preprocessing steps ap-
plied to the dataset, along with their rationale.

All preprocessing steps were performed using
the same pipeline for each feature selection ap-
proach.

The dataset is publicly available via the UCI
Machine Learning Repository. Full preprocess-
ing and modeling code is available upon request
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of RS on feature selection and model optimization
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8 categorical,
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The dataset exhibits a class imbalance typical
of financial default data, which makes it an excel-
lent test case for evaluating model robustness and
fairness.

5.1.5 Preprocessing Pipeline

Table 3 summarizes the preprocessing steps ap-
plied to the dataset, along with their rationale.

All preprocessing steps were performed using
the same pipeline for each feature selection ap-
proach.

The dataset is publicly available via the UCI
Machine Learning Repository. Full preprocess-
ing and modeling code is available upon request
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Table 1. Representative sample of the Taiwan Credit Card Default dataset.

ID LIMIT_BAL SEX EDU MARR AGE PAY_0 BILL_AMT1 PAY_AMT1 Default
1 20000 2 2 1 24 2 3913 0 1
2 120000 2 2 2 26 -1 2682 1000 1
3 90000 2 2 2 34 0 29239 1500 0
4 50000 1 2 1 37 0 46990 2000 0

Table 3. Preprocessing steps and rationale for the Taiwan Credit Card Default dataset. To ensure the
reproducibility of the results, each part of the dataset has been saved as a separate file. Some preprocessing

phases were conducted using RSES programming tool based on RS.

Step Technique Rationale
Discretization Global method [3] Computationally slower than the local approach

(implemented in RSES) it often produces fewer cut points
for LIMIT_BAL, AGE, and payment history.

Normalization StandardScaler Ensured comparable feature ranges
Standarization for neural and distance-based models.

Feature Selection (our approach) Rough Set–based reducts Reduced redundancy and improved interpretability.

from the corresponding author (see Data Availabil-
ity Statement).

Table 4 summarizes the empirical feature im-
portance ranking for the Taiwan Credit Card De-
fault dataset. The results combine measures derived
from RS, Information Theory, and Ensemble-based
models (like Random Forest, XGBoost).

Repayment history attributes (PAY_0–PAY_6)
show the strongest discriminative power across all
metrics. In particular, PAY_0 (the most recent re-
payment status) achieves the highest SHAP value
(0.54) Information Gain (0.78) and XGBoost im-
portance (0.43) among others features, confirming
its dominant influence on the prediction of default
behavior.

Financial features such as LIMIT_BAL,
BILL_AMT1-2, and PAY_AMT1-2 also exhibit mean-
ingful but secondary contributions, capturing credit
capacity and repayment magnitude. Demographic
features (e.g., AGE) have minimal Information Gain
and low ensemble importances, indicating a limited
predictive role.

Overall, the ranking confirms that payment de-
lay indicators provide the most informative descrip-
tion of client creditworthiness, while RS reduct
frequencies emphasize their frequent occurrence
among minimal attribute subsets.

The training data was transformed into a deci-
sion table, which is required by the exhaustive al-

gorithm to generate the set of reducts. In particular,
precise calculations were made regarding the fre-
quency of occurrence of specific attributes in the
rows of an indiscernibility matrix (DM), and the
overall frequency of these attributes in individual
reducts. These frequencies were then presented on
in the appropriate forms in the tables. During train-
ing and testing, the models were analyzed by ob-
serving various metrics specific to the classification
task. Additionally, the importance of attributes for
each training set was determined using various fea-
ture importance measures employed in Information
Theory, as well as measures based on XGBoost and
Random Forest. Subsequently, for comparison pur-
poses, the obtained information was compared with
additional data contained in the Discernibility ma-
trix.

5.2 Selected results

In this experiment, the attribute importance
analysis was performed using a fixed 80% sub-
set of the Taiwan Credit Card Default dataset
(outer_train). The same input subset was employed
across all evaluated methods, ensuring full com-
parability of the resulting importance measures.
Table 4 presents all computed importance scores
for attributes. The applied techniques can be di-
vided into two methodological categories. The first
group comprises measures derived from RS theory,
namely DM Obj, DM Dec, and the attribute fre-
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Table 4. Attribute importance measures for the Taiwan Credit Card Default dataset. DM Obj, DM Dec,
Reduct Frequency (Red. Freq.), Information Gain, and Gain Ratio were computed on discretized attributes,

with Information Gain approximated using mutual information. Model-based importance measures were
obtained from models trained on the original continuous attributes. Entropy was reported as a descriptive

characteristic of attribute value distributions.
Attribute DM Obj DM Dec Red. Freq. Information Gain Gain Ratio Random Forest XGBoost Permutation ReliefF SHAP Entropy
PAY_0 69.13 77.80 16 0.077 0.056 0.104 0.425 0.062 0.102 0.536 0.089
LIMIT_BAL 94.41 93.99 16 0.017 0.007 0.061 0.026 0.001 0.085 0.215 0.336
BILL_AMT1 90.42 90.43 16 0.001 0.001 0.059 0.021 0.001 0.037 0.141 0.998
PAY_AMT2 85.43 85.62 1 0.012 0.006 0.048 0.028 0.002 0.000 0.109 0.675
PAY_AMT1 84.73 84.88 6 0.014 0.007 0.050 0.020 -0.001 0.003 0.092 0.679
PAY_AMT3 85.73 85.46 7 0.011 0.005 0.046 0.017 0.001 0.002 0.080 0.648
PAY_2 65.16 71.63 5 0.049 0.041 0.041 0.151 0.002 0.043 0.092 0.071
BILL_AMT3 99.07 99.02 15 0.001 0.001 0.052 0.012 -0.001 0.037 0.040 0.972
BILL_AMT6 77.18 77.53 1 0.002 0.001 0.051 0.012 -0.001 0.035 0.041 0.930
BILL_AMT4 19.13 18.66 1 0.001 0.001 0.050 0.014 0.002 0.038 0.042 0.964
PAY_3 64.91 69.78 5 0.037 0.031 0.026 0.054 0.001 0.031 0.084 0.069
PAY_6 63.30 67.09 6 0.026 0.022 0.021 0.032 0.000 0.020 0.059 0.064
PAY_4 63.05 67.49 6 0.032 0.028 0.024 0.042 0.000 0.018 0.050 0.065
PAY_5 61.66 65.88 3 0.003 0.003 0.021 0.031 -0.002 0.014 0.049 0.061
AGE 96.30 96.35 16 0.002 0.001 0.066 0.012 0.002 0.069 0.023 0.332
EDUCATION 62.85 62.70 16 0.001 0.001 0.020 0.011 0.001 0.019 0.023 0.050
MARRIAGE 50.95 51.19 16 0.000 0.001 0.014 0.008 0.001 0.005 0.029 0.010
BILL_AMT5 18.74 18.43 1 0.001 0.001 0.049 0.013 0.002 0.037 0.036 0.946

quency in reducts. These measures quantify the
discriminative potential of individual attributes in
terms of their ability to distinguish objects, both
with and without consideration of the decision at-
tribute on discretized input dataset. Their goal is
to assess structural discernibility within the data,
rather than predictive contribution. The second
group includes information-theoretic measures (In-
formation Gain (IG), Gain Ratio (GR)), ensemble-
based approaches (Random Forest, XGBoost), per-
mutation importance, ReliefF, and SHAP values.
IG and GR were computed on discretized attributes
using a quantile-based binning strategy, while all
the model-based importance measures were derived
from models trained on original continuous fea-
tures. Entropy was reported as a descriptive char-
acteristic of attribute distributions.These methods
quantify the predictive contribution of each attribute
with respect to the target classification task. Due
to the fundamentally different criteria evaluated by
these methods, the resulting rankings are not ex-
pected to be identical. Additionally, the inher-
ent class imbalance in the dataset further ampli-
fies differences between methods that are more or
less sensitive to uneven class distributions. The re-
sults indicate that PAY_0 is the most influential at-
tribute across the majority of methods. It achieves
the highest SHAP value (0.536) and is consistently
ranked highly by XGBoost, Random Forest, and the
RS-based measures, confirming its central role as
an indicator of current delinquency. Other delay-

related features (PAY_2–PAY_6) also show system-
atically high importance across different method-
ologies. Attributes related to credit limit and billing
amounts (LIMIT_BAL, BILL_AMT1–BILL_AMT6)
play a significant role as well. The BILL_AMT* fea-
tures obtain high SHAP values (e.g., BILL_AMT1
= 0.141), indicating strong non-linear effects that
are effectively captured by tree-based models. In
contrast, these attributes receive very low scores
from classical information-theoretic measures, con-
firming that such measures fail to capture their
complex interactions. Payment amount variables
(PAY_AMT1–PAY_AMT6) receive moderate to high
SHAP values, though their importance varies sub-
stantially across other methods. This variability
reflects non-linear dependencies and feature inter-
actions that are relevant to predictive models but
less evident in structural measures. RS-based mea-
sures assign high discernibility to several attributes.
For example, AGE receives high values in DM
Obj and DM Dec (approximately 96), while its
predictive contribution – as measured by SHAP
(0.023) – is negligible. This demonstrates that
structural discernibility does not necessarily corre-
late with predictive usefulness. Conversely, demo-
graphic attributes such as EDUCATION and MAR-
RIAGE consistently receive low importance across
all methods, confirming their minimal relevance.

In summary, attributes related to delinquency
history and current payment status constitute the
key predictive determinants of default behaviour.
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Table 4. Attribute importance measures for the Taiwan Credit Card Default dataset. DM Obj, DM Dec,
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quency in reducts. These measures quantify the
discriminative potential of individual attributes in
terms of their ability to distinguish objects, both
with and without consideration of the decision at-
tribute on discretized input dataset. Their goal is
to assess structural discernibility within the data,
rather than predictive contribution. The second
group includes information-theoretic measures (In-
formation Gain (IG), Gain Ratio (GR)), ensemble-
based approaches (Random Forest, XGBoost), per-
mutation importance, ReliefF, and SHAP values.
IG and GR were computed on discretized attributes
using a quantile-based binning strategy, while all
the model-based importance measures were derived
from models trained on original continuous fea-
tures. Entropy was reported as a descriptive char-
acteristic of attribute distributions.These methods
quantify the predictive contribution of each attribute
with respect to the target classification task. Due
to the fundamentally different criteria evaluated by
these methods, the resulting rankings are not ex-
pected to be identical. Additionally, the inher-
ent class imbalance in the dataset further ampli-
fies differences between methods that are more or
less sensitive to uneven class distributions. The re-
sults indicate that PAY_0 is the most influential at-
tribute across the majority of methods. It achieves
the highest SHAP value (0.536) and is consistently
ranked highly by XGBoost, Random Forest, and the
RS-based measures, confirming its central role as
an indicator of current delinquency. Other delay-

related features (PAY_2–PAY_6) also show system-
atically high importance across different method-
ologies. Attributes related to credit limit and billing
amounts (LIMIT_BAL, BILL_AMT1–BILL_AMT6)
play a significant role as well. The BILL_AMT* fea-
tures obtain high SHAP values (e.g., BILL_AMT1
= 0.141), indicating strong non-linear effects that
are effectively captured by tree-based models. In
contrast, these attributes receive very low scores
from classical information-theoretic measures, con-
firming that such measures fail to capture their
complex interactions. Payment amount variables
(PAY_AMT1–PAY_AMT6) receive moderate to high
SHAP values, though their importance varies sub-
stantially across other methods. This variability
reflects non-linear dependencies and feature inter-
actions that are relevant to predictive models but
less evident in structural measures. RS-based mea-
sures assign high discernibility to several attributes.
For example, AGE receives high values in DM
Obj and DM Dec (approximately 96), while its
predictive contribution – as measured by SHAP
(0.023) – is negligible. This demonstrates that
structural discernibility does not necessarily corre-
late with predictive usefulness. Conversely, demo-
graphic attributes such as EDUCATION and MAR-
RIAGE consistently receive low importance across
all methods, confirming their minimal relevance.

In summary, attributes related to delinquency
history and current payment status constitute the
key predictive determinants of default behaviour.
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The observed differences between methods arise
from their distinct evaluation principles and sen-
sitivity to class imbalance. These findings high-
light the importance of using a heterogeneous set
of attribute importance techniques, combining both
structural and predictive perspectives.

The next table 5 presents stability metrics com-
puted for the global reduct and the reducts obtained
from a 5-fold cross-validation procedure. The re-
sults show that the reducts exhibit moderate-to-
high stability, indicating that the same subset of at-
tributes tends to reappear across different training
partitions. Minor variations observed between folds
suggest the presence of redundancy and interactions
among several attributes, which is common for fi-
nancial risk datasets.

The results indicate that the reducts obtained
through cross-validation exhibit very high struc-
tural stability. The average pairwise Jaccard sim-
ilarity of 0.907 shows that the majority of fea-
tures are consistently selected across folds, with
only small differences involving a few peripheral
attributes. An even stronger agreement with the
global reduct is observed, as reflected by the Jac-
card score of 0.949, confirming that the global
reduct represents the attribute structure identified
during 5-fold cross-validation. The Kuncheva In-
dex of 0.833, which adjusts for chance agreement,
further confirms the high repeatability of the reduc-
tion process. The Rogers–Tanimoto Distance, with
a value close to zero, indicates that disagreements
between fold-wise and global reducts are exceed-
ingly rare. Likewise, the Dice Coefficient, with an
average value approaching 1, demonstrates that the
reducts differ only marginally, showing nearly com-
plete agreement in the selected attributes. Together,
these metrics demonstrate that the attribute reduc-
tion process is highly stable and reproducible for
the Taiwan Credit dataset. The average reduct size
of 15.7 ± 0.9 further confirms that the exhaustive
algorithm produces consistently sized reducts, with
minimal sensitivity to variations in data partition-
ing.

The table 6 presents aggregated measures of
attribute importance derived from the analysis of
global and fold-specific reducts. Topological in-
dicators, including degree and eigenvector central-
ity were computed for each attribute within a fea-
ture co-occurrence graph. It also reports the fre-

quencies with which individual attributes were se-
lected. Attributes with high frequency in both
global and fold-specific reducts and high central-
ity can be interpreted as core predictors, consis-
tently selected and central in the co-occurrence
structure. Attributes with moderate centrality or
variable fold-wise frequency may serve as link-
ing or context-dependent features, while those
with low frequency and low centrality are pe-
ripheral or rarely selected. This analysis high-
lights that features such as LIMIT_BAL, AGE, SEX,
EDUCATION, MARRIAGE, PAY_0, and most his-
torical payment variables (PAY_AMT1–PAY_AMT6,
BILL_AMT1–BILL_AMT6) are stable across folds and
occupy central positions, suggesting their robust-
ness in the feature selection process.

The Tables 7 and 8 provide a comprehensive as-
sessment of multiple families of classification ML
models, including linear methods, Tree-based en-
sembles, Gradient boosting algorithms, and mod-
ern DL architectures designed for tabular data.
Overall, the results indicate that the task exhibits
moderate predictive separability, with model per-
formance constrained by nonlinear feature inter-
actions and the inherent class imbalance typical
for credit-risk datasets. Models based on gra-
dient boosting (particularly HistGradientBoosting
and LightGBM) and selected neural architectures
such as FT-Transformer and TabNet achieve the
highest overall Accuracy, typically in the range of
0.81–0.82 on the full feature set. However, these
gains in Accuracy do not translate into superior
performance on metrics that account for class im-
balance. Their Balanced Accuracy remains com-
paratively low (0.63–0.66), and Recall values for
the positive class are limited (0.34–0.38). This
pattern suggests that these models tend to over-
fit the predominant class, thereby underdetecting
high-risk clients. Such behavior, while boosting
Accuracy, undermines their practical utility in real
credit-scoring scenarios where correct identifica-
tion of defaulting applicants is critical. In contrast,
tree-based ensembles such as ExtraTrees and Ran-
domForest, although reaching slightly lower Accu-
racy values (0.77–0.80), demonstrate superior bal-
ance across metrics. They achieve the highest Bal-
anced Accuracy (0.70–0.71) and more favorable
Precision–Recall trade-offs, with Precision around
0.50–0.56 and Recall around 0.50–0.53, yielding
F1-scores in the range of 0.52–0.54. These re-
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Table 5. Stability analysis of the global reduct and fold-wise reducts derived from 5-fold cross-validation
on the Taiwan Credit dataset. The global reduct was extracted from the 80% training portion of the input

data. While minimal reducts emphasize parsimony, longer reducts preserve a broader set of condition
attributes contributing to decision discernibility. Consequently, they provide a more reliable basis for

stability analysis, interpretability assessment, and downstream machine learning evaluation.

Metric Mean ± SD Interpretation
Average reduct size 15.7±0.9 attributes Large and consistent reducts with minimal variation
Average Jaccard Index (Global vs Fold) 0.949±0.041 Fold reducts are almost identical to the global reduct.

Minor deviations occur.
Pairwise Jaccard (Fold vs Fold) 0.907±0.056 High similarity between fold reducts.

Stable feature selection.
is high even after adjusting for chance

Kuncheva Index (KI) 0.833±0.105 Strong repeatability. The probability of selecting
the same features across folds

Rogers—Tanimoto Distance 0.036±0.029 Low value indicates very high similarity
between fold-wise and global reducts.
Most features are consistently selected across folds.

Dice Coefficient 0.973±0.022 Very high similarity.
Almost all features are consistently selected.

Table 6. Feature frequency and network centrality for the Taiwan Credit dataset based on global and
fold-wise reducts. High frequency and centrality indicate core and stable predictors.

Attribute Frequency (All Reducts) Frequency (Folds) Degree Centrality Eigenvector Centrality Interpretation
AGE 1.00 1.00 0.591 0.303 Core predictor, stable across folds
BILL_AMT1 0.682 0.000 0.591 0.303 Moderately important, variable across folds
BILL_AMT3 0.682 0.000 0.372 0.204 Moderately important, variable across folds
BILL_AMT4 0.273 0.833 0.188 0.096 Linking attribute, occasional inclusion
BILL_AMT5 0.273 0.833 0.186 0.096 Linking attribute, occasional inclusion
BILL_AMT6 0.227 0.667 0.160 0.082 Peripheral predictor, less stable
EDUCATION 1.00 1.00 0.591 0.303 Core predictor, stable across folds
LIMIT_BAL 1.00 1.00 0.591 0.303 Core predictor, stable across folds
MARRIAGE 1.00 1.00 0.591 0.303 Core predictor, stable across folds
PAY_0 1.00 1.00 0.591 0.303 Core predictor, stable across folds
PAY_2 0.273 0.167 0.160 0.089 Moderately important, occasional inclusion
PAY_3 0.227 0.000 0.128 0.072 Peripheral predictor, rare in folds
PAY_4 0.273 0.000 0.152 0.085 Peripheral predictor, rare in folds
PAY_5 0.136 0.000 0.069 0.040 Peripheral predictor, rarely selected
PAY_6 0.273 0.000 0.152 0.085 Peripheral predictor, rare in folds
PAY_AMT1 0.545 1.00 0.335 0.176 Core predictor, stable in folds
PAY_AMT2 0.318 1.00 0.219 0.112 Core predictor in folds, moderate overall
PAY_AMT3 0.591 1.00 0.370 0.194 Core predictor in folds, moderate overall
PAY_AMT4 0.591 1.00 0.370 0.194 Core predictor in folds, moderate overall
PAY_AMT5 0.773 1.00 0.474 0.244 Core predictor, stable across folds
PAY_AMT6 0.955 0.833 0.563 0.290 Core predictor, stable across folds
SEX 1.00 1.00 0.591 0.303 Core predictor, stable across folds



77Piotr Pię̨ta, Tomasz Szmuc, Rafał Mrówka

Table 5. Stability analysis of the global reduct and fold-wise reducts derived from 5-fold cross-validation
on the Taiwan Credit dataset. The global reduct was extracted from the 80% training portion of the input

data. While minimal reducts emphasize parsimony, longer reducts preserve a broader set of condition
attributes contributing to decision discernibility. Consequently, they provide a more reliable basis for

stability analysis, interpretability assessment, and downstream machine learning evaluation.

Metric Mean ± SD Interpretation
Average reduct size 15.7±0.9 attributes Large and consistent reducts with minimal variation
Average Jaccard Index (Global vs Fold) 0.949±0.041 Fold reducts are almost identical to the global reduct.

Minor deviations occur.
Pairwise Jaccard (Fold vs Fold) 0.907±0.056 High similarity between fold reducts.

Stable feature selection.
is high even after adjusting for chance

Kuncheva Index (KI) 0.833±0.105 Strong repeatability. The probability of selecting
the same features across folds

Rogers—Tanimoto Distance 0.036±0.029 Low value indicates very high similarity
between fold-wise and global reducts.
Most features are consistently selected across folds.

Dice Coefficient 0.973±0.022 Very high similarity.
Almost all features are consistently selected.

Table 6. Feature frequency and network centrality for the Taiwan Credit dataset based on global and
fold-wise reducts. High frequency and centrality indicate core and stable predictors.

Attribute Frequency (All Reducts) Frequency (Folds) Degree Centrality Eigenvector Centrality Interpretation
AGE 1.00 1.00 0.591 0.303 Core predictor, stable across folds
BILL_AMT1 0.682 0.000 0.591 0.303 Moderately important, variable across folds
BILL_AMT3 0.682 0.000 0.372 0.204 Moderately important, variable across folds
BILL_AMT4 0.273 0.833 0.188 0.096 Linking attribute, occasional inclusion
BILL_AMT5 0.273 0.833 0.186 0.096 Linking attribute, occasional inclusion
BILL_AMT6 0.227 0.667 0.160 0.082 Peripheral predictor, less stable
EDUCATION 1.00 1.00 0.591 0.303 Core predictor, stable across folds
LIMIT_BAL 1.00 1.00 0.591 0.303 Core predictor, stable across folds
MARRIAGE 1.00 1.00 0.591 0.303 Core predictor, stable across folds
PAY_0 1.00 1.00 0.591 0.303 Core predictor, stable across folds
PAY_2 0.273 0.167 0.160 0.089 Moderately important, occasional inclusion
PAY_3 0.227 0.000 0.128 0.072 Peripheral predictor, rare in folds
PAY_4 0.273 0.000 0.152 0.085 Peripheral predictor, rare in folds
PAY_5 0.136 0.000 0.069 0.040 Peripheral predictor, rarely selected
PAY_6 0.273 0.000 0.152 0.085 Peripheral predictor, rare in folds
PAY_AMT1 0.545 1.00 0.335 0.176 Core predictor, stable in folds
PAY_AMT2 0.318 1.00 0.219 0.112 Core predictor in folds, moderate overall
PAY_AMT3 0.591 1.00 0.370 0.194 Core predictor in folds, moderate overall
PAY_AMT4 0.591 1.00 0.370 0.194 Core predictor in folds, moderate overall
PAY_AMT5 0.773 1.00 0.474 0.244 Core predictor, stable across folds
PAY_AMT6 0.955 0.833 0.563 0.290 Core predictor, stable across folds
SEX 1.00 1.00 0.591 0.303 Core predictor, stable across folds
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Table 7. Selected results for Taiwan Credit dataset with different attribute subsets
Model Attributes Accuracy Balanced Acc. Precision Recall F1 ROC-AUC Train Time (s) Infer. Time (s)
CatBoost All 0.76 0.71 0.48 0.61 0.53 0.78 5.80 0.02

red_1 0.76 0.70 0.46 0.61 0.52 0.77 6.02 0.02
red_2 0.76 0.71 0.47 0.61 0.53 0.77 6.25 0.02
red_3 0.76 0.71 0.47 0.61 0.53 0.77 6.19 0.02
red_4 0.77 0.71 0.48 0.61 0.53 0.77 6.27 0.02
red_5 0.76 0.71 0.47 0.61 0.53 0.77 6.39 0.02

ExtraTrees All 0.78 0.71 0.50 0.58 0.54 0.78 5.64 0.65
red_1 0.77 0.70 0.48 0.56 0.52 0.77 4.32 0.58
red_2 0.78 0.70 0.50 0.56 0.53 0.77 4.74 0.63
red_3 0.77 0.70 0.49 0.57 0.53 0.77 4.42 0.56
red_4 0.78 0.70 0.49 0.56 0.53 0.77 4.34 0.54
red_5 0.77 0.69 0.48 0.56 0.51 0.77 4.30 0.54
red_6 0.78 0.70 0.50 0.56 0.53 0.77 4.31 0.56
red_7 0.78 0.70 0.51 0.54 0.52 0.77 4.08 0.55

HistGB All 0.82 0.66 0.67 0.37 0.48 0.78 0.60 0.01
red_1 0.82 0.65 0.67 0.36 0.47 0.77 0.58 0.01
red_2 0.82 0.65 0.67 0.36 0.47 0.77 0.64 0.03
red_3 0.82 0.65 0.65 0.36 0.46 0.77 0.83 0.02
red_5 0.82 0.66 0.67 0.36 0.47 0.77 0.53 0.01
red_11 0.82 0.65 0.67 0.36 0.47 0.77 0.91 0.01
red_13 0.82 0.65 0.68 0.36 0.47 0.77 0.52 0.01
red_14 0.82 0.66 0.67 0.37 0.47 0.77 0.66 0.01
red_16 0.82 0.65 0.67 0.36 0.47 0.77 0.58 0.01

LightGBM All 0.77 0.70 0.48 0.57 0.52 0.76 5.79 0.02
red_1 0.76 0.70 0.47 0.58 0.52 0.76 5.46 0.02
red_2 0.77 0.70 0.48 0.59 0.53 0.76 4.26 0.02
red_3 0.76 0.69 0.47 0.57 0.51 0.76 4.62 0.02
red_4 0.77 0.70 0.48 0.58 0.52 0.76 5.00 0.02
red_7 0.77 0.70 0.48 0.58 0.52 0.76 5.30 0.02

LogisticRegression All 0.68 0.66 0.37 0.62 0.46 0.71 0.06 0.00
red_1 0.68 0.66 0.37 0.63 0.46 0.70 0.03 0.00
red_2 0.69 0.66 0.37 0.61 0.46 0.70 0.03 0.00
red_3 0.69 0.66 0.37 0.61 0.46 0.70 0.02 0.00
red_4 0.68 0.66 0.37 0.61 0.46 0.71 0.03 0.00

MLP (128,64,32) All 0.81 0.65 0.64 0.36 0.46 0.76 3.66 0.02
red_1 0.82 0.66 0.66 0.37 0.47 0.76 4.32 0.02
red_3 0.82 0.65 0.68 0.35 0.46 0.76 4.29 0.02
red_6 0.82 0.66 0.66 0.37 0.47 0.76 4.89 0.02
red_9 0.82 0.67 0.64 0.39 0.49 0.75 2.89 0.02

RandomForest All 0.80 0.70 0.54 0.54 0.54 0.77 21.16 0.52
red_6 0.80 0.70 0.54 0.54 0.54 0.77 13.39 0.53
red_7 0.80 0.70 0.54 0.52 0.53 0.77 14.52 0.54
red_12 0.80 0.70 0.54 0.52 0.53 0.77 14.46 0.54

Table 8. Selected results for Taiwan Credit dataset with different attribute subsets
Model Attributes Accuracy Balanced Acc. Precision Recall F1 ROC-AUC Train Time (s) Infer. Time (s)
XGBoost All 0.77 0.69 0.49 0.55 0.52 0.76 5.60 0.03

red_3 0.77 0.69 0.48 0.55 0.51 0.76 3.54 0.02
red_6 0.77 0.70 0.49 0.56 0.52 0.75 3.73 0.02
red_7 0.77 0.69 0.49 0.55 0.52 0.75 4.88 0.02
red_11 0.77 0.69 0.49 0.55 0.52 0.76 3.69 0.02
red_13 0.76 0.69 0.47 0.55 0.51 0.76 3.71 0.02
red_15 0.77 0.69 0.48 0.55 0.51 0.76 4.04 0.02

FT-Transformer All 0.82 0.66 0.66 0.37 0.48 0.78 31.04 0.03
red_1 0.82 0.65 0.67 0.35 0.46 0.77 14.56 0.01
red_2 0.82 0.65 0.66 0.36 0.46 0.77 15.56 0.02
red_3 0.82 0.65 0.67 0.34 0.45 0.76 15.53 0.02
red_6 0.82 0.66 0.66 0.37 0.47 0.77 16.61 0.02
red_16 0.82 0.65 0.67 0.35 0.46 0.77 26.71 0.03

TabNet All 0.82 0.65 0.67 0.34 0.45 0.75 125.33 0.26
red_1 0.82 0.65 0.67 0.34 0.45 0.76 133.53 0.26
red_3 0.82 0.65 0.67 0.35 0.46 0.74 87.11 0.26
red_4 0.81 0.63 0.66 0.30 0.42 0.75 124.37 0.26
red_10 0.82 0.64 0.66 0.33 0.44 0.75 102.15 0.26
red_11 0.82 0.65 0.66 0.34 0.45 0.75 127.37 0.26
red_12 0.82 0.65 0.68 0.34 0.45 0.75 114.58 0.26
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sults highlight their robustness in handling imbal-
anced distributions and their better alignment with
the operational objectives of credit-risk assessment,
where both types of misclassifications (false alarms
and missed detections) carry significant cost im-
plications. Classical ML Logistic regression per-
forms noticeably worse in terms of overall Accu-
racy (0.68–0.69), confirming its limited ability to
model nonlinear dependencies in the dataset. Nev-
ertheless, the model records relatively high Recall
(0.61–0.63), paired with a low Precision of approx-
imately 0.37. This indicates that, while it suc-
cessfully identifies a substantial fraction of positive
cases, it produces a large number of false positives.
The trade-off reinforces the need for more expres-
sive models when predictive Precision is essential
to downstream decision-making.

A key outcome of the our study is the impact
of feature-set reduction on predictive performance.
Across nearly all evaluated models, the reduced fea-
ture sets (reduct variants) yield Accuracy, Balanced
Accuracy, and ROC-AUC values nearly identical
to those obtained with the full feature set. For in-
stance, in RandomForest the Accuracy difference
between the full dataset (≈ 0.79) and reduced vari-
ants rarely exceeds 0.01, while Balanced Accuracy
remains stable at 0.70–0.71. This indicates that the
reduct–based feature-selection method successfully
retains the essential predictive structure of the data.
At the same time, feature reduction leads to sig-
nificant computational benefits, with training times
reduced by 20–40% in several models (e.g., Ran-
domForest from 21.16 s to approximately 13–15 s).
These findings demonstrate the practical value of
reduct-based dimensionality reduction for creating
more efficient and interpretable models without sac-
rificing predictive power.

The achieved results show that no single model
dominates across all evaluation criteria. Gradient
boosting and DL models provide the highest Accu-
racy but insufficient sensitivity to the minority class,
limiting their strategic usefulness in risk detection.
Tree-based ensembles, while slightly less accurate,
offer the most balanced performance and are there-
fore better suited for applications where both de-
tection and stability across metrics are crucial. The
minimal degradation observed under feature reduc-
tion further emphasizes that compact, computation-
ally efficient models can be constructed without

compromising classification quality. Consequently,
the optimal model choice should reflect the oper-
ational costs associated with different error types,
the available computational resources, and the in-
terpretability requirements of the target credit-risk
environment.

6 Conclusions

In this study, we proposed a RS–based feature
reduction framework aimed at improving both the
efficiency and effectiveness of DL models. The ap-
proach involves constructing a decision table from
discretized training data, generating a discernibil-
ity matrix, and exhaustively identifying all mini-
mal RS reducts. These reducts are subsequently
analyzed in terms of their frequency, stability and
structural relationships among attributes. The re-
sulting reducts are then used to restrict the input
feature space of ML and DL models, whose per-
formance is systematically compared against full-
feature counterparts with respect to predictive ac-
curacy and computational efficiency. A compre-
hensive evaluation framework was employed to as-
sess classification quality and robustness. Predic-
tive performance was measured using standard clas-
sification metrics, including: Accuracy, Balanced
Accuracy, Precision, Recall, F1-score, and ROC-
AUC. In parallel, the stability of feature selection
was quantified using overlap-based measures such
as the Jaccard and Kuncheva indices, enabling an
assessment of the repeatability of reduct-based fea-
ture subsets across cross-validation folds. The pro-
posed approach was experimentally validated on
the Taiwan Credit Card Default dataset. The re-
sults demonstrate that restricting the input space to
RS-based feature subsets leads to a substantial re-
duction in Training and Inference time, while main-
taining – and in several cases improving – classifi-
cation performance across a wide range of ML and
DL models. Moreover, the high degree of over-
lap between reducts obtained in different folds con-
firms the structural stability and robustness of the
selected features. The proposed methodology is ap-
plicable to classification problems involving struc-
tured tabular data. For example, in domains where
computational efficiency, robustness of feature se-
lection, and interpretability are important. Such do-
mains include financial risk assessment, credit scor-
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sults highlight their robustness in handling imbal-
anced distributions and their better alignment with
the operational objectives of credit-risk assessment,
where both types of misclassifications (false alarms
and missed detections) carry significant cost im-
plications. Classical ML Logistic regression per-
forms noticeably worse in terms of overall Accu-
racy (0.68–0.69), confirming its limited ability to
model nonlinear dependencies in the dataset. Nev-
ertheless, the model records relatively high Recall
(0.61–0.63), paired with a low Precision of approx-
imately 0.37. This indicates that, while it suc-
cessfully identifies a substantial fraction of positive
cases, it produces a large number of false positives.
The trade-off reinforces the need for more expres-
sive models when predictive Precision is essential
to downstream decision-making.

A key outcome of the our study is the impact
of feature-set reduction on predictive performance.
Across nearly all evaluated models, the reduced fea-
ture sets (reduct variants) yield Accuracy, Balanced
Accuracy, and ROC-AUC values nearly identical
to those obtained with the full feature set. For in-
stance, in RandomForest the Accuracy difference
between the full dataset (≈ 0.79) and reduced vari-
ants rarely exceeds 0.01, while Balanced Accuracy
remains stable at 0.70–0.71. This indicates that the
reduct–based feature-selection method successfully
retains the essential predictive structure of the data.
At the same time, feature reduction leads to sig-
nificant computational benefits, with training times
reduced by 20–40% in several models (e.g., Ran-
domForest from 21.16 s to approximately 13–15 s).
These findings demonstrate the practical value of
reduct-based dimensionality reduction for creating
more efficient and interpretable models without sac-
rificing predictive power.

The achieved results show that no single model
dominates across all evaluation criteria. Gradient
boosting and DL models provide the highest Accu-
racy but insufficient sensitivity to the minority class,
limiting their strategic usefulness in risk detection.
Tree-based ensembles, while slightly less accurate,
offer the most balanced performance and are there-
fore better suited for applications where both de-
tection and stability across metrics are crucial. The
minimal degradation observed under feature reduc-
tion further emphasizes that compact, computation-
ally efficient models can be constructed without

compromising classification quality. Consequently,
the optimal model choice should reflect the oper-
ational costs associated with different error types,
the available computational resources, and the in-
terpretability requirements of the target credit-risk
environment.

6 Conclusions

In this study, we proposed a RS–based feature
reduction framework aimed at improving both the
efficiency and effectiveness of DL models. The ap-
proach involves constructing a decision table from
discretized training data, generating a discernibil-
ity matrix, and exhaustively identifying all mini-
mal RS reducts. These reducts are subsequently
analyzed in terms of their frequency, stability and
structural relationships among attributes. The re-
sulting reducts are then used to restrict the input
feature space of ML and DL models, whose per-
formance is systematically compared against full-
feature counterparts with respect to predictive ac-
curacy and computational efficiency. A compre-
hensive evaluation framework was employed to as-
sess classification quality and robustness. Predic-
tive performance was measured using standard clas-
sification metrics, including: Accuracy, Balanced
Accuracy, Precision, Recall, F1-score, and ROC-
AUC. In parallel, the stability of feature selection
was quantified using overlap-based measures such
as the Jaccard and Kuncheva indices, enabling an
assessment of the repeatability of reduct-based fea-
ture subsets across cross-validation folds. The pro-
posed approach was experimentally validated on
the Taiwan Credit Card Default dataset. The re-
sults demonstrate that restricting the input space to
RS-based feature subsets leads to a substantial re-
duction in Training and Inference time, while main-
taining – and in several cases improving – classifi-
cation performance across a wide range of ML and
DL models. Moreover, the high degree of over-
lap between reducts obtained in different folds con-
firms the structural stability and robustness of the
selected features. The proposed methodology is ap-
plicable to classification problems involving struc-
tured tabular data. For example, in domains where
computational efficiency, robustness of feature se-
lection, and interpretability are important. Such do-
mains include financial risk assessment, credit scor-
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ing, and decision-support systems based on data-
driven models or in distributed datasets and privacy-
sensitive environments, as highlighted in the works
of M. Przybyła-Kasperek [57, 58]. In particular,
the proposed framework allows for scalable integra-
tion of multiple local datasets without recalculating
reducts for each dataset individually while leverag-
ing DL to adapt reducts flexibly to local data char-
acteristics. This makes the approach well-suited for
federated learning and other distributed decision-
making systems. The method aligns with and ex-
tends existing RS–based frameworks by integrating
exhaustive reduct analysis with modern DL archi-
tectures. It should be noted that, in the case of a
very large number of conditional attributes, exhaus-
tive reduct generation may increase computational
complexity. In addition, the quality of the obtained
reducts depends on the discretization strategy ap-
plied to continuous features. These limitations mo-
tivate further research directions, including the use
of heuristic or hybrid reduction algorithms, alterna-
tive discretization schemes and scalability analysis
on more heterogeneous datasets.

6.1 Further research

While this study demonstrates the feasibility
of integrating RS–based feature reduction with DL
models for tabular data, several new directions re-
main open for further investigation. One promis-
ing direction is the expansion of the analysis to
include other discretization techniques. This ap-
proach would enhance the understanding of how the
discretization of continuous features affects the per-
formance of DL models, particularly in the context
of tabular data. Additionally, it is crucial to exam-
ine other available models beyond Keras and Py-
Torch. Numerous alternative frameworks offer in-
tegrated feature selection mechanisms, which may
provide a more optimized solution for handling
high-dimensional data. A comparison of the ef-
fectiveness of these models with traditional DL ar-
chitectures could yield important insights into the
trade-offs between complexity, interpretability, and
performance.
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80 Piotr Pię̨ta, Tomasz Szmuc, Rafał Mrówka

[11] W.H. Elashmawi, A. Sheta, B.S. Alqadi, D.S. Ab-
dElminaam, and D.M. Alsekait. A New Version
of the Golden Eagle Optimizer Algorithm And Its
Application For Solving A Trio-Objective Skill-
ful Team Formation Problem In A Social Network.
Journal of Artificial Intelligence and Soft Comput-
ing Research, 15(4):357–384, 2025.

[12] A.E. Ezugwu, A.M. Ikotun, O. O. Oyelade,
L. Abualigah, J. O. Agushaka, Ch. I. Eke, and A. A.
Akinyelu. A Comprehensive Survey of Cluster-
ing Algorithms: State-of-the-Art Machine Learn-
ing Applications, Taxonomy, Challenges, and Fu-
ture Research Prospects. Engineering Applications
of Artificial Intelligence, 110:104743, 2022.

[13] B. Ganter and R. Wille. Formal Concept Analysis:
Mathematical Foundations. Springer, 1999.

[14] M. Garbulowski, K. Diamanti, K. Smolińska, et al.
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[23] T. Hachaj and J. Wąs. Rough neighborhood graph:
A method for proximity modeling and data clus-
tering. Applied Soft Computing, 171:112789, 03
2025.

[24] A.A. Hagberg, D.A. Schult, and P.J. Swart. Ex-
ploring Network Structure, Dynamics, and Func-
tion using NetworkX. Python in Science Confer-
ence, 2008.

[25] J. Han, J. Pei, and M. Kamber. Data Mining: Con-
cepts and Techniques. Elsevier, 4 edition, 2021.

[26] R.C. Holte. Very Simple Classification Rules Per-
form Well on Most Commonly Used Datasets. Ma-
chine Learning, 11:63–90, 1993.

[27] Bazan J. and Szczuka M. The Rough Set Ex-
ploration System. Transactions on Rough Sets III,
3400:37–56, 2005.

[28] Jing J. Research on decision-making evaluation
system based on rough set theory. In Proceed-
ings of the 2023 8th International Conference on
Intelligent Information Processing, ICIIP ’23, page
174–178, New York, NY, USA, 2023. Association
for Computing Machinery.

[29] Bazan J. G. A Comparison of Dynamic and
Non-Dynamic Rough Set Methods for Extracting
Laws from Decision Tables. In L. Polkowski
and A. Skowron, editors, Rough Sets in Knowl-
edge Discovery 1: Methodology and Applications,
pages 321–365. Physica-Verlag, Heidelberg, 1998.

[30] G. James, D. Witten, T. Hastie, and R. Tibshirani.
An Introduction to Statistical Learning: with Ap-
plications in R. Springer, 2 edition, 2021.
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[76] A. Skowron and D. Ślęzak. Rough sets Turn 40:
From Information Systems to Intelligent Systems.
In 2022 17th Conference on Computer Science
and Intelligence Systems (FedCSIS), pages 23–34,
2022.

[77] V. S. Subha and R. Selvakumar. An Innova-
tive Electric Vehicle Selection with Multi-Criteria
Decision-making Approach in Indian brands on
a Neutrosophic Hypersoft Rough Set by using
Reduct and Core. In 2024 Fourth International
Conference on Advances in Electrical, Comput-
ing, Communication and Sustainable Technologies
(ICAECT), pages 1–7, Jan 2024.

A NOVEL METHOD FOR IMPROVING DEEP LEARNING PERFORMANCE USING. . .

[78] M. Suzuki. FT-Transformer: Trans-
former for Tabular Data. https:
//www.kaggle.com/code/masatakasuzuki/
ft-transformer-transformer-for-tabular-data,
2023. Kaggle Notebook, accessed 2026-02-01.

[79] A. Szczur, J.G. Bazan, U. Bentkowska, P. Kruczek,
and S. Bazan-Socha. Identifying and Predicting
Changes in Behavioral Patterns for Temporal Data
in Treatment of Neonatal Respiratory Failure. Ap-
plied Sciences, 15(22), 2025.

[80] J. Tan, Q. Hou, X. Liu, and Y. Xiong. Research
on energy consumption prediction based on fast at-
tribute reduction of weighted neighborhood rough
set with moving horizon. In Proceedings of
the 2023 7th International Conference on Machine
Learning and Soft Computing, ICMLSC ’23, page
18–25, New York, NY, USA, 2023. Association for
Computing Machinery.

[81] Sanjeev Verma, Rohit Sharma, Subhamay Deb,
and Debojit Maitra. Artificial Intelligence in
Marketing: Systematic Review and Future Re-
search Direction. International Journal of Infor-
mation Management Data Insights, 1(1):100002,
2021.

[82] D. Vetrithangam, Naresh Kumar Pegada,
R. Himabindu, and A. Ramesh Kumar. A State
of Art Review on Image Analysis Techniques,
Datasets, and Applications. AIP Conference
Proceedings, 3072(1):040002, 03 2024.

[83] Q. Wang, Y. Qian, X. Liang, Q. Guo, and J. Liang.
Local neighborhood rough set. Knowledge-Based
Systems, 153:53–64, 2018.

[84] S. Wasserman and K. Faust. Social Network Anal-
ysis: Methods and Applications. Structural Anal-
ysis in the Social Sciences. Cambridge University
Press, 1994.

[85] S. Xia, C. Wang, G. Wang, X. Gao, W. Ding,
J. Yu, Y. Zhai, and Z. Chen. GBRS: A Unified
Granular-Ball Learning Model of Pawlak Rough
Set and Neighborhood Rough Set. IEEE Transac-
tions on Neural Networks and Learning Systems,
36(1):1719–1733, Jan 2025.

[86] Y. Yao. A Comparative Study of Formal Concept
Analysis and Rough Set Theory in Data Analy-
sis. In Shusaku Tsumoto, Roman Słowiński, Jan
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