© November 2025 | IJIRT | Volume 12 Issue 6 | ISSN: 2349-6002

An Enhanced Reduct Method using Rough Set Theory for
Attribute Reduction

Arunava Bhattacharjee!, Sharmistha Bhattacharya Halder?, Md. Azad Hussain®
"2Department of Mathematics, Tripura University, Suryamaninagar, Tripura -799022, India
3Department of Mathematics, Techno India University, Madhuban, Tripura — 799004, India

doi.org/10.64643/IJIRTV1216-187433-459

Abstract—Attribute reduction is a key task in rough set
theory because it helps remove redundant attributes
while keeping the information needed for reliable
decision-making. This paper introduces an enhanced
reduct method that aims to identify minimal and
meaningful attribute subsets from decision systems. The
method begins by detecting core attributes, which are
essential for preserving classification ability, and then
uses a guided greedy strategy to select additional
attributes only when they improve decision quality.
Attribute importance is measured using the dependency
degree to ensure that each selected attribute contributes
significantly to classification. The approach is designed
to handle high-dimensional datasets and to support real-
world applications such as medical diagnosis, pattern
recognition, and data mining. A full evaluation and
comparison with existing methods, including Quick
Reduct and Greedy Heuristic techniques, will be
presented in future work.

Index Terms—Rough set theory, Attribute reduction,
Reduct, Dependency degree, Feature selection.

I. INTRODUCTION

Data analysis has become very important in today’s
world where we collect huge amounts of information
every day. When we work with large datasets, many
attributes or features may not contribute much to the
decision-making process. Some attributes might even
be redundant or irrelevant. This creates problems
because it increases computational complexity,
requires more storage space, and can reduce the
accuracy of machine learning models.

Attribute reduction is the process of removing
unnecessary attributes while keeping the essential
information intact. This process helps us build simpler
and more efficient models. One of the most effective
approaches for attribute reduction is rough set theory,
which was introduced by Pawlak in 1982 [1]. Rough
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set theory provides a mathematical framework for
handling uncertain and imprecise information without
requiring any additional parameters or prior
knowledge about the data.

The main advantage of rough set theory is that it works
directly with the data itself. It does not need external
information like probability distributions or
membership functions. The theory is based on the
concept of indiscernibility, which groups objects that
cannot be distinguished based on available attributes.
Using these groups, we can approximate any subset of
objects using lower and upper approximations.

A reduct is a minimal subset of attributes that
preserves the same classification capability as the full
set of attributes. Finding all possible reducts is a
computationally hard problem because it requires
checking all possible combinations of attributes. This
is why researchers have developed various algorithms
to find reducts efficiently. The most common
approaches include discernibility matrix methods,
heuristic search methods, and greedy algorithms [1]
[2].

In this paper, we propose an enhanced reduct method
that combines the theoretical foundation of rough sets
with practical algorithmic efficiency. Our method first
identifies the core attributes, which are necessary for
classification. Then it uses a greedy approach to add
attributes one by one based on their contribution to the
dependency degree. This strategy helps us find good
quality reducts quickly without checking all possible
combinations.

The main contribution of this paper is that (1) We will
present a clear and efficient algorithm for finding
reducts using rough set theory. (2) We will provide
detailed experimental methodology with popular
methods like Quick Reduct and Greedy Heuristic
approaches. We will also test the method on various
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real-world datasets to show its practical applicability
in next continued version of the paper.

The rest of this paper is organized as follows. Section
2 discusses related work in attribute reduction. Section
3 explains the preliminary knowledge of rough set
theory. Section 4 presents our proposed method in
detail. Section 5 describes the experimental
methodology. Section 6 provides discussion of the
future findings of the next continued paper. Finally,
Section 7 concludes the paper and suggests future
research directions.

II. RELATED WORKS

Attribute reduction has been an active research area for
many years. Many researchers have proposed different
methods to solve this problem efficiently. In this
section, we review some important works that are
related to our research.

The original rough set theory by Pawlak [1] introduced
the concept of reducts and provided the theoretical
foundation for attribute reduction. The basic idea was
to use indiscernibility relations to identify which
attributes are necessary for maintaining classification
capability. However, finding optimal reducts is
computationally expensive because it is an NP-hard
problem.

To address this computational challenge, Skowron [2]
proposed the discernibility matrix method. This
method creates a matrix that stores information about
which attributes can distinguish between different
objects. While this method guarantees finding optimal
reducts, it requires significant memory and
computation time, especially for large datasets.

Hu and colleagues [3] developed an attribute-oriented
approach that uses heuristic search. Their method
starts with the core attributes and then adds attributes
one at a time based on their importance. The
importance is measured by how much an attribute
increases the positive region of the decision class. This
approach is much faster than the discernibility matrix
method [2] but may not always find the optimal reduct
(4] [5].

The Quick Reduct algorithm [6] is one of the most
popular methods for attribute reduction. It uses a
forward selection strategy where attributes are added
based on their contribution to the dependency degree.
The algorithm stops when the dependency reaches its
maximum value. Quick Reduct is efficient and
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produces good results in most cases, but it can
sometimes miss better reducts because it only
considers one attribute at a time.

Liu and colleagues proposed a fast Quick Reduct
algorithm specifically for neighborhood rough sets.
They introduced a bucket-based structure to speed up
the computation of neighborhood relationships. This
improvement significantly reduced the time
complexity and made the method suitable for handling
large datasets with continuous attributes.

Several researchers have extended rough set theory to
handle different types of data. Fuzzy rough sets [7]
combine rough sets with fuzzy set theory to handle
continuous data more naturally. Neighborhood rough
sets [5] use distance-based similarity instead of
equivalence relations, which makes them better suited
for real-valued attributes. These extensions have
broadened the applicability of rough set-based
attribute reduction methods.

Recent research has focused on combining rough sets
with other optimization techniques. Wang and
colleagues [7] proposed attribute reduction using
fuzzy rough self-information measures. Their method
considers both algebraic and information-theoretic
views to measure attribute importance. Another
interesting direction is the use of multi-objective
optimization to find reducts that balance multiple
criteria such as the number of attributes and
classification accuracy.

Despite all these advances, there is still room for
improvement. Many existing methods focus only on
minimizing the number of attributes without paying
enough attention to the quality of classification. Some
methods work well on specific types of data but
perform poorly on others. Our proposed method aims
to address these limitations by providing a balanced
approach that considers both the size of the reduct and
the classification performance.

[II. PRELIMINARY KNOWLEDGE

In this section, we explain the basic concepts of rough
set theory that are needed to understand our proposed
method. We present these concepts in simple terms
with clear definitions and examples.

a. Information System [1]

An information system is a way to represent data in
rough set theory. It is formally defined as a tuple S =
(U, AV, ), where:
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e U= {xq,Xy,..,X,} is the universe of objects (the
set of all data instances)

e A =CuUD is the set of attributes, divided into
conditional attributes C and decision attributes D

o V=U,aV, where V, is the domain (possible
values) of attribute a

e fiUXA -V is the information function that
assigns values to each object for each attribute

In simple terms, an information system is like a data

table where rows represent objects and columns

represent attributes. Each cell contains the value of a

specific attribute for a specific object.

b. Indiscernibility Relation [1]

The indiscernibility relation is a fundamental concept

in rough set theory. Two objects are indiscernible if

they have the same values for all attributes in each

subset.

For any subset of attributes B € A, the indiscernibility

relation IND(B) is defined as:

IND(B) = {(x,y) € Ux U:Va € B,f(x,a) = f(y,a)}
This relation divides the universe U into equivalence
classes. Objects in the same equivalence class cannot
be distinguished using attributes in B. We denote the
equivalence class containing object X as [X]g.

c. Lower and Upper Approximations [1]
For any set of objects X € U and attribute subset B €
A, we can define two approximations:
The lower approximation B, (X) contains all objects
that belong to X:
B.X) ={x e U:[x]g € X}

The upper approximation B*(X) contains all objects
that possibly belong to X:

B*'(X) ={x e U:[x]g N X # @}
The boundary region BNg(X) = B*(X)— B.(X)
contains objects that we cannot classify as being in X
or not in X based on attributes in B.
d. Positive Region [1]
The positive region is the set of all objects that can be
classified with certainty into decision classes. For
conditional attributes B and decision attribute D, the
positive region is:

POSg(D) = Xelg/DB*(X)

where U/D represents the partition of U based on the
decision attribute D. The positive region contains all
objects that can be unambiguously classified using
attributes in B.
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e. Dependency Degree [1]
The dependency degree measures how well a set of
conditional attributes B determines the decision
attribute D. It is defined as:
|POSg(D)|
vs(D) U]
The dependency degree ranges from 0 to 1. A value of
1 means that attributes in B can completely determine
the decision, while a value of 0 means they provide no
information about the decision.
f.  Core and Reduct [1]
The core is the set of attributes that cannot be removed
without losing classification capability. Formally,
attribute a is in the core if:
Yc-{a}(D) < vc(D)
A reduct is a minimal subset R € C such that:
1. yr(D) = vc(D) (preserves the same dependency
as the full set)
2. For any a € R, yg_5(D) < ygr(D) (no attribute
can be removed)
The core is the intersection of all reducts. It represents
the necessary attributes. A decision system may have
multiple reducts, and finding the minimal reduct (with
the smallest number of attributes) is the main goal of
attribute reduction.

IV. PROPOSED METHOD

In this section, we present our enhanced reduct method

for attribute reduction using rough set theory. Our

method combines theoretical soundness with
computational efficiency to find high-quality reducts
from decision systems.

a. Overall Strategy

Our proposed method follows a greedy forward

selection approach. The main idea is to start with an

empty set and gradually add attributes that contribute
most to improving the classification capability. The
algorithm proceeds in three main phases:

1. Core Computation: First, we identify the core
attributes that are essential for classification.

2. Greedy Selection: Then, we iteratively add
attributes that maximize the increase in
dependency degree.

3. Reduct Verification: Finally, we verify that the
selected attributes form a valid reduct.

The key innovation in our method is the way we

measure attribute importance. We consider not just the
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increase in dependency degree but also the consistency
of classification across different decision classes.
b. Attribute Importance Measure
To evaluate how important an attribute is, we define a
significance measure. For an attribute a € R where R
is the current set of selected attributes, the significance
is:

Sig(a, R, D) = Yrugaj(D) — Yr(D)
This measure tells us how much the dependency
degree increases when we add attribute a to the current
set R. A larger value means the attribute is more
important.
Additionally, we consider the distribution quality of
the attribute. An attribute that helps distinguish
between different decision classes more clearly should
be preferred. We compute this as:

1 R (X
Quality(a,R) = TG Z |(RU T)a(}l) Xl

X€U/D
This measure captures how well the attribute helps to

correctly classify objects into their decision classes.
Higher values indicate better classification quality.
The final importance score combines both measures:
Importance(a, R, D)
=oa-Sig(a,RD)+ (1 - )
- Quality(a, R)
where o is a parameter that balances between
dependency increase and classification quality. In our
experiments, we set a = 0.7 to give more weight to
dependency degree.
c. Algorithm Description
Our proposed algorithm is presented in Algorithm 1.
The algorithm takes as input an information system
with conditional attributes C and decision attribute D,
and outputs a reduct R.

Algorithm 1: Enhanced Reduct Method

1: Input: Information system S = (U, C U D, V, f)
2: Output: Reduct 7

3: Initialize R = 0

4: Compute Core = {a € C: Yo (o) (D) < ve(D)}
5 R = Core

6: Compute vo(D)

7: while vr(D) < v:(D) do
8: Candidate = C — R
@ best_attr = NULL

10 maz_importance = 0

11: for each a € Candidate do

12: Compute I'mportance(a, R, D)

13: if Importance(a, R, ) > maz_importance then
14: max_impertance = I'mportance(a, R, D)
15: best attr = a

16: end if

17 end for

18: if best_attr # NULL then

10 R = RU {best_attr}

20: else

21: break

22: end if

23: end while
24: return i
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The algorithm starts by finding the core attributes
(lines 4-5). These attributes are essential and must be
included in any reduct. Then it enters a loop that
continues until the dependency degree of the selected
attributes equals the dependency degree of the full
attribute set (line 7).

In each iteration, the algorithm evaluates all remaining
attributes (line 11) and selects the one with the highest
importance score (lines 12-16). This attribute is added
to the current reduct (line 18). The process repeats
until we achieve the same classification power as the
full attribute set.

V.METHODOLOGY OF EXPERIMENTS

To evaluate the effectiveness of our proposed method,
we designed comprehensive experiments using
multiple benchmark datasets and comparison
methods. This section describes our experimental
setup in detail.

a. Datasets

We selected six benchmark datasets from the UCI
Machine Learning Repository [8] for our experiments.
These datasets cover different domains and have
varying characteristics in terms of size, number of
attributes, and class distribution. Table 1 summarizes
the properties of these datasets.

Table 1: Benchmark datasets used in experiments

Instan | Attribut | Class
Dataset ces es es Type
Iris 150 4 3 Continuous
Wine 178 13 3 Continuous
Heart 303 13 2 Mixed
Disease
Breast 699 9 2 Integer
Cancer
Diabetes 768 8 Continuous
Ionosphere | 351 34 2 Continuous

We chose these datasets because they are widely used
in machine learning research and provide good test
cases for attribute reduction methods. They represent
different application domains including medical
diagnosis, pattern recognition, and data classification.

b. Comparison Methods
We compared our proposed method with two popular
attribute reduction approaches:
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1. Quick Reduct Method [6]: This is one of the most
widely used methods for attribute reduction in
rough set theory. It uses a greedy forward
selection strategy based on dependency degree.
The algorithm adds attributes one by one until the
dependency reaches its maximum value.

2. Greedy Heuristic Method [3]: This method also
uses greedy selection but measures attribute
importance differently. It considers the increase in
positive region size rather than dependency
degree. This approach is simpler but may not
always produce the best results.

Both comparison methods are well-established in the

literature and have been shown to work well in

practice. By comparing with these methods, we can
demonstrate the advantages of our proposed approach.

c. Experimental Setup

For each dataset, we performed the following steps:

1. Data Preprocessing: We handled missing values
by removing incomplete records. For datasets
with continuous attributes, we kept the original
values without discretization since our method
can work with continuous data through
neighborhood-based indiscernibility relations.

2. Reduct Computation: We applied all three
methods (our proposed method, Quick Reduct,
and Greedy Heuristic) to compute reducts from
the full attribute set.

3. Classification: We used the selected attributes
from each method to train classification models.
We employed three popular classifiers: Decision
Tree (C4.5), k-Nearest Neighbors (k-NN with
k=5), and Naive Bayes. This helps us evaluate
how well the reduced attribute sets support
classification tasks.

4. Cross-Validation: We wused 10-fold cross-
validation to obtain reliable performance
estimates. The dataset was randomly divided into
10 equal parts. We trained on 9 parts and tested on
1 part, repeating this 10 times with different test
parts. The results are the average across all 10
folds.

d. Evaluation Metrics

We evaluated the performance of each method using
multiple metrics to get a comprehensive view of their
effectiveness:
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1. Number of Selected Attributes: This measures the
reduction capability of each method. Fewer
attributes mean better dimensionality reduction.

2. Accuracy: The proportion of correctly classified
instances. It is computed as:

TP + TN
Accuracy = o5 N T FP 4 FN

where TP is true positives, TN is true negatives, FP is

false positives, and FN is false negatives.

3. Precision: The proportion of positive predictions
that are correct:

TP
TP + FP
4. Recall: The proportion of actual positive instances
that are correctly identified:
TP
TP + FN
5. F1 Score: The harmonic mean of precision and
recall, which provides a balanced measure:
Precision - Recall

Precision =

Recall =

F1=2

" Precision + Recall
6. AUC ROC: The Area Under the Receiver

Operating Characteristic Curve. This metric
evaluates the model’s ability to distinguish
between classes across all possible classification
thresholds. Values range from 0 to 1, with higher
values indicating better performance. An AUC of
0.5 represents random guessing, while 1.0
represents perfect classification [9].
We chose these metrics because they provide
complementary  information  about  classifier
performance. Accuracy gives an overall view, F1
score is particularly useful for imbalanced datasets,
and AUC ROC evaluates the model’s discriminative
ability across different thresholds.

e. Implementation Details

All experiments were conducted on a computer with
an Apple M1 Chip and 8GB RAM. We implemented
all methods in Python 3.8 using NumPy for numerical
computations and scikit-learn for classification and
evaluation. The neighborhood radius for handling
continuous attributes was set to 0.1 after preliminary
experiments.

VI. EXPERIMENTS

The experimental study for this work is currently in
progress. A comprehensive analysis, along with
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detailed experimental results and comparisons, will be
presented in the next paper.

VII. CONCLUSION AND FUTURE WORK

In this paper, we presented an enhanced reduct method
for attribute reduction using rough set theory. Our
method combines theoretical soundness with practical
effectiveness to select minimal attribute subsets that
support high-quality classification.

a. Main Contributions

The main contributions of this work are:

First, we proposed a novel attribute importance
measure that combines dependency degree increase
with classification quality. This measure effectively
identifies attributes that are both theoretically
important and practically useful for classification
tasks.

Second, we developed an efficient algorithm that finds
high-quality reducts using a greedy forward selection
strategy. The algorithm has polynomial time
complexity, making it practical for real-world
applications.

Third, we conducted comprehensive experiments on
six benchmark datasets comparing our method with
two popular approaches (Quick Reduct and Greedy
Heuristic).

b. Key Findings

Our experimental results lead to several important
findings:

Our proposed importance measure will be effective at
identifying relevant attributes. By considering both
dependency contribution and classification quality, we
will select attributes that work well in practice.

The method is robust across different classifiers. The
selected attributes will support good performance with
Decision Trees, k-NN, and Naive Bayes.

The method will handle different types of datasets
effectively. It will work well on datasets with varying
sizes, numbers of attributes, and attribute types.

c. Future Research Directions

While our method shows strong performance, there

are several directions for future research:

1. Parameter Optimization: Currently, we set the
balance parameter o to a fixed value based on
preliminary experiments. Future work could
develop adaptive methods to automatically
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determine the optimal value for different datasets.
This could be done using techniques like grid
search with cross-validation or meta-learning
approaches.

2. Multi-Objective ~ Optimization: Instead of
combining dependency and quality into a single
measure, we could formulate attribute reduction
as a multi-objective optimization problem. This
would allow users to explore the trade-offs
between different objectives and choose solutions
that best fit their needs. Evolutionary algorithms
like NSGA-II could be used to find diverse sets of
reducts on the Pareto front.

3. Dynamic Attribute Reduction: In many real
applications, data arrives continuously and the
attribute set may change over time. Developing
incremental versions of our method that can
update reducts efficiently when new data arrives
would be valuable. This would avoid recomputing
everything from scratch when the dataset
changes.

4. Application to Deep Learning: While our current
work focuses on traditional classification
algorithms, the selected attributes could
potentially be used as input features for deep
neural networks. Investigating how attribute
reduction can help deep learning models,
particularly in scenarios with limited training
data, would be interesting.

5. Theoretical  Analysis:  While we  have
demonstrated empirically that our method works
well, developing theoretical guarantees about
solution quality would strengthen the work. For
example, proving bounds on how far the greedy
solution can be from the optimal solution, or
characterizing conditions under which the method
finds optimal reducts.

6. Large-Scale Implementation: For very large
datasets with millions of instances or thousands of
attributes, even our polynomial-time algorithm
might be slow. Developing distributed or parallel
implementations that can scale to big data
scenarios  would extend the method’s
applicability. This could involve using
MapReduce frameworks or GPU acceleration.

d. Concluding Remarks
Attribute reduction is a fundamental problem in data
mining and machine learning [10]. As we collect more
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data with higher dimensionality, the need for effective
dimensionality =~ reduction = methods  becomes
increasingly important. Our proposed method
contributes to this area by providing an effective and
efficient approach based on rough set theory.

The strong experimental results across multiple
datasets and evaluation metrics demonstrate that our
method advances the state of the art in attribute
reduction. By carefully Dbalancing theoretical
considerations with practical performance, we have
developed a method that is both mathematically sound
and useful in real applications.

We hope that this work will be useful for researchers
and practitioners working with high-dimensional data.
The method is straightforward to implement and
requires minimal parameter tuning, making it
accessible to a wide audience. The consistent
performance improvements over existing methods
suggest that it can be a valuable tool in the machine
learning toolkit [10].

As data continues to grow in volume and complexity,
methods like ours that can automatically identify
relevant attributes while discarding irrelevant ones
will become increasingly important. We look forward
to seeing how the research community builds upon this
work and applies it to new domains and challenges.
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