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Abstract

Rough sets effectively handle discrete attributes for rule mining but struggle with continuous, fuzzy data. To address this, we propose particle
swarm optimization (PSO)-based fuzzy c-means (FCM) and fuzzy rough set (FRS) approaches. PSO optimizes FCM cluster centers,
improving fuzzification of continuous attributes over traditional methods. Then, instead of an equivalence relation in rough set, a fuzzy
similarity relation is used and an inductive learning method based on FRS is introduced to generate rules. The method is evaluated against
the fuzzy concept learning system (FCLS), Kohonen’s self-organizing map (SOM)-based FRS, and FCM-based FRS approaches using a
case study on salary prediction. The results show superior performance of the proposed approaches: fitness values with 23%~33%
improvement, number of rules with 56% reduction, and 100% coverage rate and accuracy. The framework’s efficiency in managing fuzzy,
continuous data underscores its potential for real-world decision systems, offering a balanced trade-off between interpretability and

precision.
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INTRODUCTION

Data mining aims to uncover meaningful insights from
transactional datasets and has become a widely applied
technique in market and business analytics. By identifying
frequent patterns within data, it enables the generation of
interpretable decision rules that support understanding and
reasoning. Such rules are often formulated as “IF-THEN”
expressions, where the IF component defines the conditions
and the THEN component specifies the outcome. In the rule’s
antecedent, multiple attributes are logically connected,
commonly through an AND relation. The consequence
expresses the predicted class, forming a conditional statement
that guides the system’s response under specific conditions.

Previous studies have confirmed the effectiveness of rough
set theory in mining rules from discrete attributes; however,
its capability to process quantitative and continuous data,
especially with fuzzy characteristics, remains limited. In real-
world applications, such as finance, healthcare, and industrial
process control, data often involve both discrete and
continuous features, along with inherent fuzziness. The
precise transformation of continuous values into fuzzy sets is
essential for reliable rule induction, yet current approaches
often fail to identify the most suitable clustering centers for
this process. To address these limitations, this work
introduces a hybrid framework combining particle swarm
optimization (PSO), fuzzy c-means (FCM), and fuzzy rough
sets (FRS) to enhance rule-mining accuracy on datasets
containing continuous variables. In the proposed method,
PSO is integrated with the fuzzy clustering process to
automatically determine optimal cluster centers, enabling the
fuzzification of continuous attributes in the decision table.
Compared with genetic algorithms, PSO achieves faster

convergence with fewer control parameters and effectively
reduces the risk of premature stagnation in local optima.
Subsequently, a fuzzy similarity relation is established,
followed by an inductive learning mechanism within the FRS
framework to derive decision rules. When compared with
benchmark algorithms such as the fuzzy concept learning
system (FCLS), SOM-based FRS, and conventional FCM-
based FRS, the proposed approach produces fewer but more
accurate rules, achieving higher coverage rates.

The remainder of this paper is organized as follows.
Section 2 reviews related studies. Section 3 presents the
theoretical foundation of FRS, while Section 4 details the
PSO algorithm and its integration with FCM for cluster center
determination. Section 5 provides an illustrative example of
the proposed approach, followed by comparative analyses
with FCLS, SOM-based FRS, and FCM-based FRS in
Section 6. Finally, Section 7 concludes the study and outlines
future research directions.

RELATED WORKS

In early data-mining studies, rule discovery primarily
relied on association-rule formulations for market analysis
[1]. For association rules, discovery is driven by frequent-
pattern mining, enabling the identification of meaningful item
correlations. Subsequently, research advanced to rule
induction for classification [2]. Rule mining usually leads to
decision rules, which reflect semantic representation well.
There are three techniques for generating rules: frequent
association rules, rare association rules, and multi-objective
rule mining [3]. In frequent association rule mining, if the
support level of an association rule is not lower than the
specified minimum support level, the association rule is
called frequent. A frequent rule is deemed valid once its
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confidence surpasses the user-specified cutoff. In RARM [4],
a rule is treated as rare when its support does not exceed the
predefined maximum. This means that if the support level of
rule r is lower than the specified minimum support level, rule
ris rare. If a rare association rule is confident, then the rule is
valid. In MORM, rule discovery is framed as a multi-
objective task rather than a single-objective one [5]. Rule-
based techniques are broadly adopted across decision-support
and prediction tasks, including medicine [6], economics/
finance [7], and network security [8]. Yet, as noted by
Slovenski, handling inconsistent data remains challenging,
hindering the construction of minimal, non-redundant rule
sets [9]. Inconsistency is a common problem in many real
situations or datasets. This is because there are
indiscernibility relations in the decision table. Conventional
pipelines perform preprocessing before rule induction in an
attempt to mitigate inconsistencies [2].

Some data may be changed or deleted during pre-
processing, resulting in loss of information. Overlapping
classification results of rule execution are an important aspect
of rule generation analysis. Redundancy rules refer to two
different rules that overlap with each other. When several
rules fire for one instance, redundancy inflates the rule set and
can degrade classification reliability [3]. None of the above
techniques can produce the minimum classification rules.

To address this limitation, the rough set approach is
recommended for deriving concise rules from inconsistent
datasets [10]. Rough set theory, originally proposed by
Pawlak, provides an effective framework for handling
inexact, uncertain, or ambiguous information [11]. A key
advantage of rough set theory lies in its independence from
prior knowledge, such as probability distributions or
membership functions [12] [13]. Within rough set theory,
vagueness is represented through lower and upper
approximations [14]. Rule induction in rough sets identifies
‘[F-THEN’ rules by selecting the minimal attribute subset
that yields the most consistent decision [15]. A hybrid rule-
mining approach integrating rough sets with the variable-
precision Bayesian rough set (VPBRS) framework was
introduced to generate probabilistic approximate rules [16].
Liu and Li introduced a shortened-first extraction strategy
grounded in classical rough set theory, enabling the
derivation of fewer and more concise rules [17]. A K-optimal
rule discovery approach founded on rough set principles was
developed to map design attributes onto customers’
emotional dimensions [18]. Gogoi et al. also employed rough
set theory to extract rules based on inconsistent data by
calculating minimum and maximum approximations for each
concept as well as creating the minimized and non-redundant
rule sets, so that the required classification accuracy can be
satisfied [3]. However, quantitative attributes with
continuous values cannot be processed for mining rules by
using the rough set. A traditional method is to discretize
attribute values into new category values, such as partitioning
methods [19]. But the use of this method leads to the loss of
information [20]. To address this limitation, fuzzy logic has

been incorporated into rough sets to facilitate rule mining on
quantitative datasets [21]. In fuzzy rough sets, object
similarity is quantified through fuzzy similarity relations
rather than crisp equivalence relations [22] [6] [24]. The
intertwined yet distinct notions of fuzziness and
indiscernibility are unified within the fuzzy rough set
framework [25]. Fuzzy rough set theory enables the
conversion of quantitative decision tables into qualitative
ones, thereby improving rule quality and reducing
computational complexity in rule extraction [26]. Hong et al.
developed a fuzzy rough set model that fuzzifies continuous
features and produces fewer, more compact fuzzy rules
compared with the decision-tree approach [27]. Hou and
Huang integrated fuzzy set theory with a variable-precision
fuzzy rough set approach to extract relational rules from
manufacturing databases for remote monitoring [28].
Empirical results indicate that the fuzzy rough set approach
exhibits lower sensitivity to noise and derives rules of higher
quality than its conventional counterpart. When using fuzzy
rough sets, the determination of cluster centers has a
significant effect on the results of rule mining. Therefore,
defining optimal clustering centers to transform the
continuous values into fuzzy sets is important. In previous
studies, the predefined membership function and fuzzy rules
based on the Apriori algorithm are used for transformation
[29]. However, it is difficult to determine the most accurate
fuzzy set for different data in a dynamic environment.
Kohonen’s self-organizing map (SOM) has been introduced
to calculate the centers of fuzzy clusters in the fuzzy rough
set model [27]. SOM reveals the structure of the data set
through data visualization. However, there may be errors in
interpretation through visual inspection, which may lead to
unsatisfactory clustering and cluster boundaries [30].
Therefore, the above approaches cannot determine the
optimal clustering centers to fuzzify the continuous data sets.

FUZZY ROUGH SET

Fuzzification for Continuous Attributes

A design table can be expressed by a four-dimensional set
[U,AV,f] , U representing the universe and U =& ;

A=CuD, also CnD=(. Conditional attribute sets and

decision attribute set are represented by C and D, respectively.

The value range set for attributes is denoted by V and

V= UVa , where V, is the value range of attribute a; The
acA

information function is indicated b f y and f :UxA—>V ,
besides, if YxeU,aeA.

Continuous attributes commonly exist in a design table,
such as salary and employment years. Determining the
membership functions is important for the fuzzification of the
continuous attributes. Triangular and bell-shaped are
common membership functions used in previous studies.
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Figure 1. Triangular membership functions

For example, a is a continuous attribute and the universe
of ais V={V,(u):ae AueU}. Based on the magnitude
and the distribution of attributes’ values, a is fuzzified into
k semantic variables Y,(i=1,2,---,k) . The triangular
membership function for every semantic variable is described
in Fig. 1. In the figure, x(X) is the membership degree; X is

the attribute value. To ensure the completeness of the
fuzzification, the membership degree of the intersection of
the two adjacent membership functions is 0.5.

Rough Set Model

Relationship

Based on the Fuzzy Similar

The traditional rough set relies on the indiscernibility
relation, an equivalence relation characterized by reflexivity,
symmetry, and transitivity. The characteristic of transitivity in
the indiscernibility relationship can be canceled, and the
equivalent relationship can be substituted by the fuzzy similar
relationship when fuzzy rough set is applied. The four
definitions are clarified as follows.

Definition 1
The fuzzy relationship Re FUxU) is a fuzzy similar

relationship of U if R satisfies the conditions of reflexivity
and symmetry as follows,
u (uu)=1vueU,

R

. (u,v) = (v,u), Yu,veU 1)
R R
Definition 2

The fuzzy similar relationship Re€ R of U is the fuzzy

is the finite universe and

n

similar matrix, where U

uU={u,u,,---,u,},if R is the fuzzy matrix and satisfies the
conditions of reflexivity and symmetry as follows,
r.=1 i=12,---,n

T i,j=12,---,n )

]

Where [;; is the similarity parameter. To establish a fuzzy

similarity relation, a measure of relation is introduced to

calculate ;. In this research, the closeness degree based on

Minkowski distance is introduced to calculate the fuzzy
similarity coefficients.

Definition 3

The closeness degree based on Minkowski distance is
defined as follows,

o(AB) =1-l(Y | () - )] ) *T" ©

where A B are n dimensional

A= (u, (), . (4,)) and B= (g (W), 4 (U,) - When

vectors,

c= % ya=p=1,itis called the closeness degree based on
the H ing distance. When C= ,a=1p=2,iti
e Hamming distance en }{/ﬁ p it is

called the closeness degree based on the Euclidean distance.

Definition 4

Based on the fuzzy similar matrix ReR the fuzzy

nxn >

matrix R; is obtained through the introduction of a
confidence level A , and the similar relationship matrix is
calculated as follows,

1 =22
r. =
10 <

i,j=12,---,n (4)

)

From the definitions 1-4, it is known that R% satisfies the
characteristics of reflexivity and symmetry. The algorithm to
divide the whole universe is based on the net-making method.
The steps are shown as follows,

Step 1. Based on the values of R and /1, the values of Rz
are calculated using (3) and (4);
Step2. U, eU, X =Jand Y = are defined;

Step 3. The procedure is started from j=0 ;

Step4.If ;=1 and X;2X , then X =XU{X} and
Y=Y U{X]-};

Step 5. The procedure is continued by j= j+1 ;

Step 6. If j= j+1 , return to Step 4; or go to Step 7;

Step 7. If card(Y)>1, Y=Y—-{x}, where X €Y and
card(Y) is the cardinality of the set Y , return to Step

3, otherwise go to Step 8;
Step 8. The fuzzy equivalent class is obtained, and X is
substituted by U = U — X;
Step 9. If U =, the procedure is stopped; otherwise return
to Step 2.
~-{a}
Using the above algorithm, the division U/ ND(R¢43) of

the universe is obtained based on the confidence level A for

the attribute 8, € A, where the values of the confidence level
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are different for the different attributes. The division of the
universe based on the attribute is expressed as follows,

A ~-{a}
U/ND(R4)=®{U ND(Ry3):a, € A A €A} (5)
The attribute set and the corresponding confidence level

are represented by A and 4, respectively. The calculation of
® is defined as,

A®B={XNY:¥X e AVY eB XNY =} (6)

Attribute Reduction Based on Fuzzy Similar Relationship
Attribute reduction aims to eliminate redundant features
while preserving the classification capability of the decision
table. Based on the following definitions, attribute reduction
can be conducted.
Definition 5
For every object set X eU , (7) and (8) are introduced to

define upper and lower approximate of X based on the
~ A
similarity relation R , respectively.

A

Iii,(X):u{Y:YeU/ND(Iij),YgX} 7

éj(X)zu{Y:Yeu/ND(éj),me + O} ®)

Definition 6
Based on the design table T=[U,CuUD\V,f], the

A

positive region of based on the R, is expressed as follows,

POS/(Y) =R+ (Y):Y, €Y} ©)
if

U/ND(lij):x = (X, X, X))

Y :(Yl'YZYH"Yr)

Definition 7

Based on the design table T =[U,CuUD,V,f], C' eC is

the minimum reduction set for C if the set C' satisfies the
following conditions,

POS.(Y)=POS.(Y) (10)
There is no C"” < C' to satisfy
POS:(Y)=POS:(Y) (11)

Definition 8
The following is the definition of the degree of dependency
between decision attribute D and conditional attribute C.

7(C,D) =card(POS, (D)) /card(U) (12)

Definition 9
Based on (12), the significant degree for the attribute

aeC—R is expressed as follows,

SIG(a,R, D) =y(Rw{a},D)-»(R, D)

When R=0, SIG(a,D) =y({a},D) .
Based on the above definitions, the algorithm of attribute
reduction is described as follows,
Step 1. Based on the design table T =[U,CuD,V, f] and
R=¢ , the significant degree SIG(a,R,D) for
every attribute a8 € C—R is calculated using (9),
(12), and (13);
Step 2. The attribute &

SIG(a,R, D) is selected and the structure of R is
changed to be R<=Ru{a};

(13)

that has the maximum

Step 3. The value of »(R,D) is calculated. If
7(R,D)=y(C,D), go to Step 4; otherwise, return to
Step 2.

Step 4. The minimum set of attribute reduction is obtained.

DETERMINATION OF CLUSTERING CENTERS
BASED ON PSO-BASED FCM

As discussed in Section 2, Kohonen’s SOM may cause
unsatisfactory clustering results and an inaccurate definition
of cluster boundaries as the data visualization is done
manually by the user or by some traditional algorithms [30]
[31]. This study employs a PSO-based FCM algorithm to
automatically determine optimal cluster centers, thereby
improving the precision of fuzzy clustering.

The PSO is a widely used search algorithm that was
developed based on the social behavior of birds [32] [33].
PSO has fast convergence and does not need a learning rate
[34]. In the PSO algorithm, every point, which is called
“particle”, each particle within a D-dimensional search space
represents a potential solution to the optimization problem.
Each particle moves through the search space with a velocity
that is dynamically updated according to its own and its
neighbors’ experiences. The objective function is calculated
for each particle, and the computed value is used as the fitness
value of the particle. Each particle retains its personal best

position P, , corresponding to its highest fitness achieved.
The P, can be considered as the flight experience of

particles themselves. {,.; can be considered as the flight

experience of its companions, which has the best value in
Ppe: and it is the global best position. Each particle updates

its position using four factors: (1) its current position, (2) its
velocity, (3) the gap between its current and personal best
positions, and (4) the gap between its current and global best
positions. The optimization search is accomplished by the
iteration of a group of particles.
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The size of the particle swarm is defined as m. The
dimension of the search space is the same as the number of

fuzzy clusters, which is denoted as D. X; = (Xil, Xioy e Xig )

is the location of ith particle, where 1<i<m and 1<d <D.
The wvelocity of the ith particle is represented by

Vi = (Vi VigsesVig) - By = (Pigy Pigses Pig)  represents
the historical best position of the ith particle, which has the

best g:(pj1’ pjz""'pjd) >
je {l, 2,---, m} , represents the best position of the whole

swarm. The final result of Py denotes the optimal settings

fitness value, and

of the clustering centers. The process of updating particle
velocity and position according to the concept of inertia
weight [35] is as follows:

Viffl ZQNE +CJ1(IOE _X£)+Czr2(p;d _Xil;) (14)
Xk+1 de +Vlkd+l (15)

. K k. . iy
In which Vi3 and Xy is the velocity vector and position

vector of ith particle in the kth iteration, respectively; The
number of iterations is expressed by K ; The inertia weight is
expressed by @, and the inheritance of the current particle

velocity is determined by it. And C, and C, are learning
factors, and both are positive constants. The values of I} and

I, are set as random values chosen from the range [0,1].

The realization of global optimization is the essence of
PSO, and its main advantages are parallelism, randomness,
and high stability. It repeatedly evaluates the objective
function to approach the optimal solution without relying on
its derivative information. In this research, PSO is introduced
into the FCM model and determines the optimal clustering
centers. The FCM model is used as the function of the fitness
value in PSO, which is expressed in (16). Through iteration
of the PSO algorithm, the fitness value can reach the
minimum value.

fitness = ZZy % —c; ||

i=1 j=1

(16)

In the formula, the number of data samples is represented

by N ; The number of fuzzy clusters is expressed by K ;
MM is the fuzzifier with mm >1 and is usually set as 2. The

vector of data samples is denoted by X;.C; is the center of

clustering, 44 j is the membership degree from the ith data

to the jth fuzzy clustering and the calculation can be realized
by using the following equation,

" 1 17)
I -c| 5
[ 2] (mm-1)
z||x ol

The main procedures of the PSO-enhanced FCM algorithm
are outlined below.

Step 1. The swarm is initialized by defining iteration count,
population size, search space dimensionality, and
learning coefficients. Each particle’s velocity and
position are randomly initialized.

Step 2. Each particle’s initial best position py, is assigned as
its starting point in the first iteration and
simultaneously serves as an initial cluster center.
Using equations (16) and (17), the fitness of each
particle is calculated from the input dataset and initial
parameters, and the resulting value is stored as the
particle’s initial personal best ppes;. The computed
fitness values are compared, and the particle with the
minimum fitness is designated as the global best. Its
position and fitness correspond to the initial global
best position p, , and global best fitness g, -

Step 3. During each iteration, particle velocities Vi':fl and

positions Xi':fl are updated according to (14) and (15).

Afterward, fitness values are recalculated using the
updated positions. The current fitness value is
compared with p,,, for each particle. If the current

fitness value is smaller than P, , the P is

updated as the current fitness value, and the particle’s
individual optimal position, along with its new

position P, = Xj is updated.
Step 4. The process terminates once the preset iteration count
is reached. The minimum P, value updates the

global best fitness 0, , and the corresponding
particle index is recorded. The position of this best
particle defines the global best position P, ,

representing the final fuzzy cluster centers.

THE PROPOSED METHODOLOGY

Based on the above algorithm, the procedures of PSO-
based FCM and FRS approaches are described as follows,
Step 1. Based on the algorithm of PSO-based FCM, the

centers Ui for K fuzzy clustering are determined.
The fuzzification for the continuous attribute is
conducted and the membership degree from each data
to each fuzzy clustering is calculated using (17).

Step 2. Based on the membership degree, the closeness
degree based on the Euclidean distance is calculated
using (3). Then, the fuzzy similar matrix is obtained
based on the confidence levels for every attribute
using (4).

Step 3. Based on the algorithm outlined in Section 3.2, the

~A
division of universe U/ND(R*) is obtained.
Step 4. The attribute reduction is conducted using the
algorithm described in Section 3.3 based on (7)-(13).
The redundant attributes and the repeated data are
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removed from a decision table and the minimum set
of attribute reduction is obtained.
Step 5. Finally, the rules are generated based on the inductive
learning method.
Finally, the flowchart of the proposed methodology in the
paper is shown in Fig.2.

INPUT: Dataset with
discrete and continuous
attributes

A 4

Perfom the algorithm of
PSO-based FCM to
fuzzify the input attributes
and determine the clutering
centers

A

Develop a fuzzy similarity Comparison Against

relationship « FCLS
« Kohonen’s
A4 SOM-based FRS

Generate rules using an  FCM-based FRS

inductive learning method
based on FRS

v
OUTPUT: Rule set

A

Figure 2. The flowchart of the proposed methodology

Number D E S (*10*USD)
11 Master 3.5 4.0
12 Master 3.6 41
13 Master 10 6.8
14 Ph.D. 5.0 5.7
15 Bachelor 5.0 3.6
16 Master 6.2 50
17 Bachelor 0.5 2.3
18 Master 7.2 5.5
19 Master 6.5 51
20 Ph.D. 7.8 6.5
21 Master 8.1 6.4
22 Ph.D. 8.5 7.0

Firstly, the fuzzification for the continuous attributes E and
S is performed using PSO-based FCM algorithm. 5 clustering
centers were defined for each attribute. The number of
particles and the iteration number were set as 20 and 1000,
respectively. The values of the learning factors were set as 1.5.
0.5 is the value set for the inertia weight . Results obtained
based on PSO-based FCM and FRS approaches are compared
with those based on a FCLS algorithm, which generates rules
from a fuzzy decision tree [36], Kohonen’s SOM-based FRS
[27], and FCM-based FRS. The fuzzy clustering centers and
fitness values obtained based on the four approaches for E
and S are shown in Tables 2 and 3, respectively.

Table 2. The fuzzication for E

CASE STUDY .
. Cluster 1 5 3 4 5 Fitness
qu the evaluation _of_ the proposed methodology, a Centers value
relational database containing the degree(D), the employment
years (E), and the salary (S) is used as an illustrative example FCLS
[36] [27], where D is a discrete attribute and the other two are Kohonen’s 1 3 5 7 9 6.4797
continuous attributes. The decision attribute is S, and the SOM-based '
other two are the conditional attributes. The attributes D and FRS
E determine the attribute S. Table 1 shows the data sets. FCM-based
Table 1. Data Sets FRS 157 | 3.6 | 542 | 7.52 | 9.96 | 5.0948
Number D E S (*10*USD) PSO-based
1 Ph.D. 7.2 6.3 FCMand | 153|357 |5.22| 7.39 | 9.67 | 4.9647
2 Master 2.0 3.7 FRS
3 Bachelor 7.0 4.0 Table 3. The fuzzication for S
4 Ph.D. 1.2 4.7 Cluster Fitness
Centers ! 2 3 4 5 value
5 Master 7.5 53
FCLS
6 Bachelor 15 2.6
Kohonen’s | 1 | 3 | 5 | 7 | 9 |64797
7 Bachelor 2.3 2.9 SOM-
8 Ph.D. 2.0 5.0 based FRS
9 Ph.D. 3.8 5.4 -
oo | 157 | 36 | 542 | 7.52 | 9.96 | 5.0048
10 Bachelor 35 35 ase
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Cluster 1 2 3 4 5 Fitness
Centers value
PSO-
based
FCM and 153 | 357 | 522 | 7.39 | 9.67 | 4.9647
FRS

The tables show that the fitness values of the proposed
approaches are lower than those based on FCLS, Kohonen’s
SOM-based FRS, and FCM-based FRS, which indicates the
proposed approaches can provide better precision in fuzzy
clustering.

Based on the algorithm described in section 3.2, the fuzzy
similar relationships for D, E, and S were obtained using the
closeness degree and the confidence level. The confidence
levels for D, E and S are introduced as A, = 1.0, Az = 0.7and

A, = 0.7 respectively. The division for the whole universe
(22 instances) is obtained as follows.

U/ND(R?,) ={{1,4,8,9,14,20,22},{2,5,11,12,13,16,18,19,
21},{3,6,7,10,15,17}}

U /ND(R,)
11,12},{13} {14,15,16}}
U/ND(Ry,) ={{1,13,20,21,22}{2,3,10,11,12,15} {4,8,16,
19},{6,7,17},{5,9,14,18}}

The ranges for every division are shown as follows.
U /ND(RJ)) ={{ Ph.D.}.{ Master},{ Bachelor}}
U/ND(RE )= {65<E<85}{05<E<23}
{3.53 E S3.8}{10} {5S E SG.Z}}
U/ND(R,) ={{63<S<73{35<S<41y
{4.7 <S< 5.1},{ 23<S5<29 1% 5.3<S<57 3!

={{1,3,5,18,19,20,21,22},{2,4,6,7,8,17}.{9,10,

Based on the attribute reduction algorithm clarified in
section 3.3, attribute reduction was conducted based on the
division, and no redundant attributes need to be removed.
Based on the ranges of the division, the inductive learning
method is used to generate fuzzy rules for the data sets. For
example, instances 4 and 8 in the Ph.D. category are in the
ranges 0OSE <23 gnd 4.7=S=<5.1 Therefore, the rule
can be induced as if D=Ph.D. and O5S<E<23  then

4.7<S<51 similarly, a total of 7 rules are generated as
follows.
1. IfD=Ph.D.and05<E<23 . then 47<S<51

If D=Ph.D. and 6-9<E <85 then 635 <7

If D=master and ® <E <10 then 4.7<S<7
If D=Bachelor and 0-9<E <23 then 23<5<29

7. 1f D=Bachelor and 35 <E <3.8 then 35<S<4.1

To validate the proposed approaches the rules generated
based on PSO-based FCM and FRS are compared with those
based on FCLS, Kohonen’s SOM-based FRS, and FCM-
based FRS. Different confidence levels for E, A; =

A =09 and 4. =095, where 4, =1.0and A, =0.7, are

used. Table 4 shows the comparison of the number of rules,
the coverage rate, and the accuracy rate based on the four
approaches. From Table 4, it can be found that the proposed
PSO-based FCM and FRS approaches generate less number
of rules compared with those based on the other three
approaches, while both the coverage rate and accuracy rate
reach 100%. The results based on the proposed approaches
are the same when different confidence levels are used, which
means the performance of the proposed approaches is more
stable and doesn’t rely on the value of the confidence level.

o gk wn

Table 4. Comparison of results based on the four approaches

Aobroaches Confidence The number of Coverage rate Accuracy rate

PP level rules (%) (%)
FCLS 16 100 100
A =07 6 100 77

Kohonen’s SOM- _
based FRS 4 =09 7 100 01
/1E =0.95 12 100 100
;l’E =0.7 7 100 100
FCM-based FRS A =09 8 100 100
A =0.95 7 100 100
A =07 7 100 100

PSO-based FCM B
and FRS A =09 7 100 100
A =0.95 7 100 100
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DISCUSSION

The proposed approaches provide a scientific and
systematic way to extract rules based on the data sets. In the
case study described in Section 5, fitness values, the number
of rules, the coverage rate, and the accuracy rate are compared
among the four approaches. The fitness values of the
fuzzification for the continuous attributes E and S based on
the PSO-based FCM algorithm are better than those based on
FCLS, Kohonen’s SOM-based FRS, and FCM-based FRS.
The improvement of the fitness values is 23%~33%. Based
on the obtained fuzzy clustering centers, seven rules are
generated. Thus, the relationships between D, E, and S are
developed, and the salary ranges can be predicted using the
new inputs of D and E. In the validation of the proposed
approaches, the comparison results indicate that the proposed
approaches can generate fewer numbers of concise rules with
better coverage rate and accuracy rate. The number of rules is
reduced by 56% and the coverage rate and accuracy achieve
100% based on the proposed approach.

Although this paper uses a classic HR case study (degree,
employment years, salary) for illustration, the proposed
approach is highly generic and primed for immediate
application across numerous industries. For instance, it can
mine insightful rules from retail databases to personalize
customer recommendations, from healthcare records to
identify risk factors for diseases, or from financial systems to
detect fraudulent transaction patterns. A key component of
this approach is the PSO-based FCM algorithm, which offers
significant practical utility on its own for transforming
precise continuous data, such as temperature, income, or
usage metrics, into actionable fuzzy sets. More importantly,
its value is amplified when deployed as a hybrid solution. By
integrating it with established modeling techniques like
adaptive neural fuzzy inference systems (ANFIS) or fuzzy
regression, practitioners can achieve superior accuracy in
critical tasks such as demand forecasting, industrial process
control, and real-time decision support systems.

CONCLUSION

The number of rules is reduced by 56% and the coverage
rate and accuracy achieve 100% based on the proposed
approach. The rough set is effective in managing discrete
attributes for rule mining, but it has limitations in dealing with
the quantitative attributes with continuous values. To
overcome this limitation, in this paper, the PSO-based FCM
and FRS methods are developed as an extension of classical
rough set theory to handle quantitative attributes. The process
includes fuzzifying continuous attributes, extracting
indispensable attributes, and inducing the fuzzy rules from
data sets. In the proposed framework, a PSO-driven FCM
model is employed to fuzzify continuous attributes in the
decision table, where PSO identifies the optimal cluster
centers, leading to more accurate centers with lower fitness
values. Then, a fuzzy similar matrix is developed based on
the closeness degree and the confidence level. According to

the universe partitioning, an inductive learning mechanism is
applied to derive fuzzy rules. To evaluate the effectiveness of
the proposed methods, experiments were conducted on
datasets concerning academic degree, employment years, and
salary. Experimental results from the proposed methods are
compared with those of FCLS, SOM-FRS, and conventional
FCM-FRS models. Comparative analysis indicates that the
proposed methods outperform the three benchmark
approaches with respect to fitness, rule quantity, coverage,
and accuracy. Future research will focus on integrating
advanced intelligent optimization algorithms into fuzzy
rough sets to obtain more accurate fuzzy cluster centers.
Moreover, the inductive learning procedure can be further
refined to produce more concise fuzzy rules.
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