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Abstract Article Info

This research aims to address the issue of exponential rule Article history:
generation in fuzzy rule-based classification systems by developing
a hybrid grid partition and rough set method. Fuzzy rule-based
classification systems have the potential to construct linguistically
understandable models, but a major constraint is the significant
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increase in the number of rules with a high number of attributes,

which can diminish interpretation and classification accuracy. In this Keywords:

study, the grid partition method is utilized to generate fuzzy rules Classification Accuracy;

with adaptively adjusted grid structures, thus avoiding exponential Fuzzy Rule-Based Classification;
rule proliferation. The research encompasses the use of the Iris Hybrid Grid Partition;

Flower dataset, rule formation while considering variable precision, Interpretability;

and classification accuracy testing. The research findings indicate Rough Set.

that the hybrid grid partition and rough set method produces more
efficient and accurate fuzzy rules, with a classification accuracy rate
of 83.33%. This method also successfully reduces the number of
generated rules, making it a promising solution to tackle the issue of
exponential rule increase in fuzzy rule-based classification systems.
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Introduction

Fuzzy rule-based classification systems are very useful systems in the field of machine learning
because they are capable of building understandable linguistic models(Soua, et al. 2012). Fuzzy rule-
based classification systems are also capable of building linguistic interpretable models that
automatically generate if-then fuzzy rules and are used to classify new observations. However, in
monitoring the learning system, the large number of predictive attributes still leads to an exponential
increase in the number of generated rules. In addition, the antecedent conditions of the rules
obtained are very large because they contain all the attributes that describe the sample. Therefore
the accuracy of system interpretation also decreases(Borgi, 2018).

Many methods have been proposed to reduce the number of rules and to remove various types
of rules such as irrelevant, redundant, and incorrect rules. Some of the methods that have been
applied are the method of reducing the number of rules by forgetting the weak, namely the method
of selecting rules based on genetic algorithms (GA), the GA method which is extended to the case of
selecting rules for two objectives explicitly by considering the trade-off between the number of fuzzy
if-then rules. and classification accuracy, the rule selection method by including minimization of the
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total length of the rule (that is, the total number of antecedent conditions), the genetic fuzzy system
(GFS) method which uses feature selection as well as the rule selection where the GFS is coupled
with a learning process based on genetic algorithms,Nozaki et al. (1896);Ishibuchi et al
(1997);Ishibuchi et al. (1999);Ishibuchi & Nakashima (2001),Ishibuchi & Yamamoto (2004);Gacto et
al. (2007);Herrera (2008);Akhand & Murase (2015);Borgie (2018),Dutu et al. (2018)).

Several approaches to earningfuzzy rulesknown as approachfuzzygrids partition type. Fuzzy
rules are generated by partitioning the training data into fuzzy subsets using membership functions
and then building fuzzy rules for each fuzzy grid(Ishibuchi, et al. (1992);(Ishibuchi, et al.
(1993);(Ishibuchi & Yamamoto, 2004);(Ishibuchi & Yamamoto (2005);(Ishibuchi & Nojima (2007))

Soua et al. (2009)AndBorgie (2018)developed a fuzzy rule-based classification system with a
grid-type fuzzy partition approach to handle high-dimensional pattern classification problems. The
experimental results show that the effectiveness of classification ability and interpretability are very
satisfactory in classification problems for some low-dimensional patterns. However, this is not the
case with high-dimensional data, the problem of increasing the number of rules still exists when the
number of attributes is high.

Some studies that generate rulesfuzzywith a grid approach, among others:Ishibuchi et al.
(1992)with a grid partition approach, a distributed representation technique.R. Chen & Hu
(2003)with a simple fuzzy grid approach to find fuzzy sequence patterns using a simple fuzzy
partition method.Chen et al. (2016)generate several rules using a simple grid partition, then change
the weights of the rules using the particle swarm optimization algorithm.Sitompul et al. (2017)using
an adaptive distributed grid-partition approach, where the research produces a smaller number of
rules compared to distributed grid-partition, applied the Quantum-inspired Quantum-behaved
Particle Swarm Optimization (QiQPSO) algorithm to build an initial fuzzy classification system and
a grid method to partition the feature space, and then the fuzzy rule base was further optimized by
QiQPSO to reduce the number of fuzzy rules thereby increasing the interpretability of more
classification accuracy. tall.

Interpretability is one of the desired characteristics in various classification tasks. Rule-based
systems and fuzzy logic can be used for interpretation in classification but the main drawback of
rule-based systems is that the complex and large rules for classification sometimes become very
difficult in interpretation. Rule reduction is also difficult for various reasons and removing important
rules can impact classification accuracy. Utilizes a combination of rough sets and fuzzy logic as a
Rough Set-Based Hebbian Rule Reduction (RS-HeRR) method to produce effective rule sets. The
proposed method leverages rule reduction through partial dependency reduction as well as system
performance improvement to significantly reduce redundancy issues and even provide the same or
better accuracy.

Theoryrough sethas an important role in data mining(Feng, et al. 2014), first introduced by
Pawlak in 1982(Pawlak, 1982). Rough set is a mathematical method for Artificial Intelligence (AI)
applications in dealing with problems of imprecision, uncertainty or incomplete information.

Several studies since 2000 have applied rule-based generation technologyrough setin various
fields such as the decision problem of determining new products, manufacturing processes, machine
operations and ordinal predictions, customer service strategies, power system stabilizers (Mak &
Munakata (2002);Hou & Huang (2004);Pattaraintakorn et al. (2006);Huang et al. (2013);Anitha &
Venkatesan (2014);]ia et al. (2015);Meng & Lu (2016);Fetouh & Zaky (2017)).

The researchers used various methods including; Variable Precision Rough Set (VPRS),
RClass-Plus, Rough-Fuzzy Multilayer Perceptron (MLP), rough set feature selection, Cumulative
Probability Distribution Approach (CPDA), Rule Extracting Algorithm Based on The Converse
Approximation (REBCA), incremental rough set, Rule Generation based on Classification Attribute
(RGCA) (as can be seen inBeynon et al. (2000);Khoo & Zhai (2001);Pal et al. (2003);Wang et al.
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(2006);Inuiguchi & Miyajima (2007);Teoh et al. (2008);Qian et al. (2008);Fan, YN, et al. (2008);Ma, T et
al. (2009)).

The hybrid method can effectively reduce the number of rules.Kumar & Yadav (2015)states
that the problem of imprecise and uncertain data sets can be handled by several implementations of
rough set techniques with fuzzy logic, by combining the advantages of fuzzy sets and rough sets can
be used to classify objects into their respective classes. Combines genetic algorithms and intuitive
fuzzy rough sets to reduce attribute sets on large-scale intuitive fuzzy information systems, and uses
classes similar to intuitive fuzzy sets to extract rules on a large scale, and obtains a rule base with
minimal size and configuration generation time and storage space optimal. The rough set technique
is then also used together with other techniques such as data mining (Luo & Zhong 2010), genetic
algorithms (Othman, et al. 2011), association rule mining (Shi, et al. 2012), rough-set believe rule
model using multinomial subjective logic (Jia, et al. 2015).Lin et al. (2018)developed a fuzzy rule
generation model by combining the Kernel Intuitionistic Fuzzy Means Clustering (KIFCM) method
and RST as the Kernel Intuitionistic Fuzzy Rough Set Model (KIFRS) method. Proposed the
integration of fuzzy logic into the application of the Functional Resonance Analysis Method (FRAM)
to evaluate deicing operations from an aircraft systemic perspective. The process of integrating fuzzy
logic with a high number of input variables results in a large number of rules. To further improve
this proposal, the rough set method is used as a data mining tool to generate and reduce the number
of rules in classifying results.

Research on solving the problem of exponentially increasing number of generated rules in
fuzzy rule-based systems to handle classification problems. A hybrid grid partition and rough set
technique generates fuzzy rules in the new method. The adaptive distributed fuzzy grid partition
method adapts the number of rules to the number of partitions. This adaptive technique hopes to
avoid an exponential rise of rules, which would affect classification accuracy, interpretability, and
system.

Methods
Description of Research Architecture
Input Datasets

The dataset used for training data is the Iris Flower Dataset in table 1 which consists of 4
condition attributes, namely: sepal length (sl), sepal width (sw), petal length (pl), and petal width
[pw] and 3 decision class attributes namely: setosa, versicolor, and virginica. The number of datasets
inputted is 150 data:

Table 1. Iris Flower Dataset

No. sl sw pl pw Class
1 5.1 3.5 14 0.2 setosa
2 49 3.0 14 0.2 setosa
3 4.7 3.2 13 0.2 setosa
4 4.6 3.1 15 0.2 setosa
5 5.0 3.6 14 0.2 setosa
6 54 3.9 1.7 04 setosa
7 4.6 34 14 0.3 setosa
8 5.0 34 1.5 0.2 setosa
9 4.4 29 14 0.2 setosa
10 4.9 3.1 1.5 0.1 setosa
11 54 3.7 1.5 0.2 setosa
12 4.8 34 1.6 0.2 setosa
13 4.8 3.0 14 0.1 setosa
14 4.3 3.0 1.1 0.1 setosa
15 5.8 4.0 1.2 0.2 setosa
16 5.7 44 1.5 04 setosa
17 5.4 3.9 1.3 0.4 setosa
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Preprocessing Datasets
a. Data normalization

No. sl sw pl pw Class
18 5.1 3.5 14 0.3 setosa
19 5.7 3.8 1.7 0.3 setosa
20 5.1 3.8 1.5 0.3 setosa
21 5.4 34 1.7 0.2 setosa
22 5.1 3.7 1.8 04 setosa
23 4.6 3.6 1.0 0.2 setosa
24 5.1 3.3 1.7 0.5 setosa
25 4.8 34 1.9 0.2 setosa
26 5.0 3.0 1.6 0.2 setosa
27 5.0 34 1.6 04 setosa
28 5.2 3.5 1.5 0.2 setosa
29 5.2 34 14 0.2 setosa
30 4.7 3.2 1.6 0.2 setosa
150 5.9 3.0 5.1 1.8 virginica

Normalizing the data set values is done by changing the actual data set value intervals into

the interval [0,1]. To get a new x value (normalized value) is calculated according to equation 1

below:

Valueyey, =

Smallest data values

largest data value—smallest data value

@

The same way is done for all data, the normalized Iris Flower dataset can be seen in Table 2

Table 2. Normalized Iris Flower Dataset

No. sl sw pl pw Class
1 0.2222 0.6250 0.0678 0.0417 setosa
2 0.1667 0.4167 0.0678 0.0417 setosa
3 0.1111 0.5000 0.0508 0.0417 setosa
4 0.0833 0.4583 0.0847 0.0417 setosa
5 0.1944 0.6667 0.0678 0.0417 setosa
6 0.3056 0.7917 0.1186 0.1250 setosa
7 0.0833 0.5833 0.0678 0.0833 setosa
8 0.1944 0.5833 0.0847 0.0417 setosa
9 0.0278 0.3750 0.0678 0.0417 setosa

10 0.1667 0.4583 0.0847 0.0000 setosa
11 0.3056 0.7083 0.0847 0.0417 setosa
12 0.1389 0.5833 0.1017 0.0417 setosa
13 0.1389 0.4167 0.0678 0.0000 setosa
14 0.0000 0.4167 0.0169 0.0000 setosa
15 04167 0.8333 0.0339 0.0417 setosa
16 0.3889 1,0000 0.0847 0.1250 setosa
17 0.3056 0.7917 0.0508 0.1250 setosa
18 0.2222 0.6250 0.0678 0.0833 setosa
19 0.3889 0.7500 0.1186 0.0833 setosa
20 0.2222 0.7500 0.0847 0.0833 setosa
21 0.3056 0.5833 0.1186 0.0417 setosa
22 0.2222 0.7083 0.1356 0.1250 setosa
23 0.0833 0.6667 0.0000 0.0417 setosa
24 0.2222 0.5417 0.1186 0.1667 setosa
25 0.1389 0.5833 0.1525 0.0417 setosa
26 0.1944 0.4167 0.1017 0.0417 setosa
27 0.1944 0.5833 0.1017 0.1250 setosa
28 0.2500 0.6250 0.0847 0.0417 setosa
29 0.2500 0.5833 0.0678 0.0417 setosa
30 0.1111 0.5000 0.1017 0.0417 setosa
etc
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No. sl sw pl pw Class
150 0.4444 0.4167 0.6949 0.7083 virginica

b. Data transformation

Data transformation can be carried out on condition attributes and decision attributes. The
only attributes that were transformed in this study were condition attributes, while decision
attributes were not transformed because the data was already in categorical form. Condition
attributes are transformed into several set categories. The transformation of the sepal length and
petal length condition attributes is divided into three set categories, namely:

Table 3. decision attributes sepal length and petal length

No Category Weight

1 Short set (SS) < 0.3333

2 Medium set (MS) 0.3333 < MS < 0.6667
3 Long set (LS) > 0.6667

Meanwhile, the transformation of the sepal width and petal width attributes is divided into three
categories of fuzzy sets, namely:

Table 4. decision attributes sepal width dan petal width

No Category Weight

1 Small Category (SC) < 0.3333

2 Medium Category (MC) 0.3333 < MC < 0.6667
3 Width Category (WC) > 0.6667

Formation of Rules
Formation of rules is the initial process in a classification system to deal with problems of
imprecision, uncertainty or incompleteness of information. A large number of attributes will also
cause an exponential increase in the number of rules causing interpretability or classification
accuracy to decrease. Forming rules using the rough set method is to obtain a short rule estimate
from an information table. The Variable Precision Rough Set (VPRS) model introduced by Ziarko
(Ziarko, 1993) is used to analyze classification error as a precision parameter 3 (beta). The 3 value is
defined as the classification error and ranges in the value 0 <3 <0.5.
a. Information Systems and Decision Systems
The Information System and Decision System are a set of data consisting of a set of conditional
attributes and a set of additional attributes which are targets or decisions. Data in the form of
Information Systems and Decision Systems is obtained from the dataset preprocessing process.
The following excerpts 9 data records of the Iris Flower dataset from table 3.4 with record
numbers 9, 21, 42, 73, 93, 94, 107, 115 and 117 which are used as sample objects in the formation
of rules. Data representation in the form of Information System and Decision System training
data tables can be seen in table 5 below:

Table 5. Information Systems and Decision Systems

No. Data Record Object a b c d Class
9. X1 SS MC SS SC setosa
21. X SS MC SS SC setosa
42, X3 SS SC SS SC setosa
73 Xy MS SC MS MC versicolor
93. Xs SS SC MS MC versicolor
94. Xe SS SC MS MC versicolor
107. X, SS SC MS MC virginica
115. Xg MS MC LS WC virginica
117. Xy MS MC LS WC virginica
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b.  Equivalence Class and Decision Class
Equivalence Class is grouping data objects that have the same value on conditional attributes
while Decision Class is grouping the same class attribute values. The grouping results in the
Equivalence Class and Decision Class will be used to find the precision parameter value ([3).
Based on Table 5, the following Equivalence Class is obtained in table 6 and Decision Class in
table 7:

Table 6. Information System and Decision System

Equivalence Class Class Members Number of Objects
El X, X, 2
E2 X3 1
E3 Xy 1
E4 Xs, XX, 3
E5 Xg,Xo 2

Table 7. Decision Class

Notation Class Members Number of Objects
D1 X, XX, 3
D2 Xo XsXo 3
D3 X, XeXo 3

c.  Precision Parameter Value ()
Determining the precision parameter (3) is by comparing the number of members in a decision
class which are also part of the class members of the equivalence class divided by the number
of members of an equivalence class. The results of the comparison of relationship degrees for
each equivalence class are summarized in table 8 below:

Table 8. Degree of relationship

. Decision
Equivalence Class D1 D2 D3
El 0 1 1
E2 0 1 1
E3 1 1
E4 1 1/3 2/3
E5 1 0

d. Setp — reduct

It is known that the precision value of 3 is 1/3, then the set of B-reducts can be determined by
looking at the location of 1/3, namely in the Equivalence row E4 and in column D2. The B-reduct
set (CP), namely:

CP=E4=1{Xs5, XeX7} (2)
To obtain a subset of minimal attributes as a whole, Discernibility Matrix Modulo D is used to
compare the contents of an object's attributes with other objects. The attributes compared are
the condition attributes and the decision attributes. If the attribute values are the same then it
will not produce a value, but if the attribute values being compared are different then it will
produce a value. Discernibility Matrix Modulo D for -reduct can be seen in table 9 below.

Table 9. Discernibility Matrix Modulo D for 3-reduct

X, X, Xs X, Xs X, X Xq X,

X, X X X aBCD bed bed bed acd acd
X, X X X aBCD bed bed bed acd acd
X3 X X X acd CD CD CD aBCD aBCD
Xy aBCD aBCD acd X X X a bed bed
X5 bed bed CD X X X X aBCD aBCD
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Xe bed bed CD X X X X aBCD aBCD
X, bed bed CD a X X X X X
Xg acd acd aBCD bed aBCD aBCD X X X
Xy acd acd aBCD bed aBCD aBCD X X X

Rule Generation

Rule generation applies the adaptive fuzzy grid partition method where the grid structure is

adaptively formed based on rule weights. Rule generation is done with 2 phases. The first phase will
form a grid as smooth as possible with the provision that all possible rules can be generated, or the
iteration will stop when there is a rule that has a weight of one. While in the second phase a new rule

will be generated with a higher weight to increase the accuracy of the rule. The steps for generating
rules with the fuzzy grid partition method are as follows:

a.

Determine Center Point and Distance from Center Point
For the number of partitions K =2 and i =1 then, a? is the center point for each triangular
function and b? is the distance from the center point to the legs of the triangular function.
For a% and b? are calculated as follows:
i ©)
L e R
Determining Degree of Membership (1)
The degree of membership for each attribute on the object will be determined by the following
equation 2.

a

b—x

wl(x) = DT 4)

Calculation of p on K«2 for the data set with the sepal length (sl) attribute with data record

number 10 as follows:

Table 10. Degree of membership in K«2

Class I\II{O, Data i Membership Degree
ecord sl sw pw
9 u? 0.9722 0.6250 0.9583
Setosa uz 0.0278 0.3750 0.0417
o u? 0.9444 0.8750 0.9167
uz 0.0556 0.1250 0.0833
73 u? 0.4444 0.7917 0.4167
Versioncolor uz 0.5556 0.2083 0.5833
93 u? 0.5833 0.7500 0.5417
uz 0.4167 0.2500 0.4583
107 u? 0.8333 0.7917 0.3333
virginica u 0.1667 0.2083 0.6667
115 u? 0.5833 0.6667 0.0417
uz 0.4167 0.3333 0.9583

Calculation of a-predicate

The a-predicate is calculated on each class against all rules that have the potential to be
generated. The a-predicate calculation is performed on the Setosa data set rule Rf;; with the
following equation:
REjy = pf (S). 2 (sw). uf (PW) (5)
Determination of 3
[3 is the largest membership degree value of the a-predicate values in each candidate rule in the
same class. The determination of {3 is done by comparing all a-predicates in the same candidate
rule. In the candidate rule Rfll in the versicolor class, it is done by comparing the a-predicate
values in the following equation:
f = max {a — predicateR?,; (dataset);a — predicateR?;; (dataset)} ... (6)
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e. Determination of Conclusions
The conclusion of the rule is determined based on the largest  value among [setosa,
[Bversicolor, and Bvirginica, which is called fmax. If there are two or more fmax that have the
same value, or the Pmax value is 0, then the conclusion cannot be determined and the rule
cannot be generated. The value of fmax for R%n is determined by the following equation:
Bmax = max {Psetosa, Pversicolor, Bvirginica} ........................................... (7)
f.  Rule Weight Calculation
The weight of each rule is calculated using the following equation:
|.3max - (Bl + ﬁz)/2| (8)
B A Bt B e

where:

CF[f = rule weight label,i = 1,2, ..K,j = 1,2, ..K
Bmax = value B largest among Psetosa, Pversicolor, aNd Pvirginica.

B1, B2= value P other than PBmax.

g. Rule Generation for K=3

For K=3, there are 27 potential rules to be generated obtained from Kd, where d is the number
of dataset attributes.
h. Rule Generation for K = 2K

For K= 2K = 4, there are 64 potential rules to be generated obtained from K¢, where d is the
number of dataset attributes.

Adapted Partition Grid
The rule weights determine the grid structure formed by the modified grid division

approach. Rule generation is two-stage. The grid will be built as smoothly as feasible in the first stage

if all conceivable rules can be generated or the iteration stops when a rule with a weight of one is

found. To improve rule accuracy, a new rule with a higher weight will be developed in the second

step.

The steps of the adapted grid partition method for obtaining rules are obtained by means of:

Determine K = 2, Kstagel =0, SR =[ ] and stage = 1.

Calculate the p value according to the K value.

Calculate the a-predicate based on the u value in step b.
Calculate the value of 3 in each class.

Calculate fmax to determine the conclusions.

AN T A

Calculate the CF value of each rule.

(a.) Ifin step 1, empty the SR if it is not empty, then add the rules that can be generated to the SR.
(b.) If in stage 2, add the rules that can be generated to the SR.

7. Check the stopping criteria, if met go to step p.

If the value is in stage 2, go to step m

(a.) If all potential rules can be generated and there is a CF value of 1, stage « stage + 1, Kstagel «
K, continue the mth step.

(b.) If there are rules that cannot be generated (Bmax = 0), Stage « Stage + 1, continue step 1.
10. For K < K+ 1. return to step b.

11. Empty SR if not empty, K < K - 1, Kstagel < K, and return to step b.
12. Select the rule on the SR with the lowest CF value.
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13. Initialize K and Ktahapl with the value of the rule R_ijk"K selected in step m then K « 2K, if
Ktahapl # K, remove the rule R_ijk"K selected in step n from the SR.

14. Return to step b.

15. Stop.

Testing Method
Testing the method is done by classifying objects on the dataset against the generated rules.
The steps in performing the classification process are as follows:

a. Calculating the a-value of each setosa class, versicolor class and virginica class. The a
value is the result of multiplying the a-predicate by the rule weight (CF). The a value is
calculated with the following equation:

@ =l (s). 1 (sw). uff (pw). CFE,
Determine the largest a value in each class @gerosq: Qversicotor aNd Ayirginica-
c.  Determine the largest a_max value of each class for each data record with the equation:

Omax = Max {asetosa, aversicolor,avirginica}

Results and Discussion
Dataset Preprocessing Results

The initial step of the research is to prepare the dataset to be processed using the proposed
method. The dateset used is the Iris flower dataset obtained from the UCI Machine Learning
Repostory with a total of 150 objects and a total of 4 attributes. The dataset is normalized, then
categorization is performed for each attribute. Attribute a is sepal length (sl), attribute b is sepal
width (sw), attribute c is petal length (pl) and attribute d is petal width (pw). The results of
normalization and categorization are information systems and decision systems as shown in Table
11 below:

Table 11. Information system and decision system Preprocessing

Objek a b c d Class
X, SS MC SS SC setosa
X, SS MC SS SC setosa
X3 SS MC SS SC setosa
Xy SS MC SS SC setosa
X5 SS MC SS SC setosa
Xe SS WC SS SC setosa
X, SS MC SS SC setosa
Xg SS MC SS SC setosa
Xy SS MC SS SC setosa
X10 SS MC SS SC setosa
X11 SS WC SS SC setosa
X1z SS MC SS SC setosa
X3 SS MC SS SC setosa
X4 SS MC SS SC setosa
Xis MS WwC SS SC setosa
X16 MS WwC SS SC setosa
X17 SS WC SS SC setosa
Xis SS MC SS SC setosa
X19 MS WwC SS SC setosa
X20 SS WC SS SC setosa
X1 SS MC SS SC setosa
X2z SS WC SS SC setosa
X3 SS MC SS SC setosa
X2 SS MC SS SC setosa
X5 SS MC SS SC setosa
X2 SS MC SS SC setosa
Xy7 SS MC SS SC setosa
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Objek a b c d Class
X28 SS MC SS SC setosa
X290 SS MC SS SC setosa
X30 SS MC SS SC setosa
X3 SS MC SS SC setosa
X3z SS MC SS SC setosa
X33 SS WC SS SC setosa
X34 MS WC SS SC setosa
X35 SS MC SS SC setosa
X36 SS MC SS SC setosa
X37 MS MC SS SC setosa
X3g SS MC SS SC setosa
K39 SS MC SS SC setosa
Xao SS MC SS SC setosa
X SS MC SS SC setosa
Xu2 SS SC SS SC setosa
Xu3 SS MC SS SC setosa
KXaa SS MC SS SC setosa
X5 SS WC SS SC setosa
KXo SS MC SS SC setosa
K47 SS WC SS SC setosa
Xaug SS MC SS SC setosa
KXo SS WC SS SC setosa
Xso SS MC SS SC setosa
X5 SS MC MS MC versicolor
Xs; MS MC MS MC versicolor
Xs3 LS MC MS MC versicolor
Xs4 MS SC MS MC versicolor
Xss MS MC MS MC versicolor
Xs6 MS MC MS MC versicolor
Xs7 MS MC MS MC versicolor
Xsg SS SC MS MC versicolor
Xso MS MC MS MC versicolor
Xso SS SC MS MC versicolor
Xe1 SS SC MS MC versicolor
Xe2 MS MC MS MC versicolor
Xo3 MS SC MS MC versicolor
Xoa MS MC MS MC versicolor
Xeos MS MC MS MC versicolor
Xse MS MC MS MC versicolor
Xe7 MS MC MS MC versicolor
Xog MS SC MS MC versicolor
Xeo MS SC MS MC versicolor
X0 MS SC MS MC versicolor
X71 MS MC MS WC versicolor
X7, MS MC MS MC versicolor
X73 MS SC MS MC versicolor
X74 MS MC MS MC versicolor
X5 MS MC MS MC versicolor
X76 MS MC MS MC versicolor
X77 LS MC MS MC versicolor
X7 MS MC LS MC versicolor
X79 MS MC MS MC versicolor
Xso MS SC MS MC versicolor
Xg1 MS SC MS MC versicolor
X2 MS SC MS MC versicolor
Xg3 MS SC MS MC versicolor
Xga MS SC MS MC versicolor
Xgs SS MC MS MC versicolor
Xse MS MC MS MC versicolor
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Objek a b c d Class
Xg7 MS MC MS MC versicolor
Xsgs MS SC MS MC versicolor
Xgo MS MC MS MC versicolor
Xoo MS SC MS MC versicolor
Xo1 MS SC MS MC versicolor
Xoz MS MC MS MC versicolor
Xo3 MS SC MS MC versicolor
Xo4 SS SC MS MC versicolor
Xos MS SC MS MC versicolor
Xog MS MC MS MC versicolor
Xg7 MS MC MS MC versicolor
Xog MS MC MS MC versicolor
Xo9 SS SC MS MC versicolor
X100 MS MC MS MC versicolor
X101 MS MC LS WC virginica
X102 MS SC LS WC virginica
X103 LS MC LS WC virginica
X104 MS MC LS WC virginica
X105 MS MC LS WC virginica
X106 LS MC LS WC virginica
X107 Ss SC MS MC virginica
X108 LS MC LS WC virginica
X109 MS SC LS WC virginica
X110 LS MC LS WC virginica
X111 MS MC LS WC virginica
X112 MS SC LS WC virginica
X113 LS MC LS WC virginica
X114 MS SC LS WC virginica
X115 MS MC LS WC virginica
X116 MS MC LS WC virginica
X117 MS MC LS WC virginica
X118 LS WC LS WC virginica
X119 LS SC LS WC virginica
X120 MS SC LS MC virginica
X121 LS MC LS WC virginica
X122 MS MC MS WC virginica
X123 LS MC LS WC virginica
X124 MS SC MS WC virginica
X125 MS MC MS WC virginica
X126 LS MC LS WC virginica
X127 MS MC MS WC virginica
X128 MS MC MS WC virginica
X129 MS MC LS wWC virginica
X130 LS MC LS MC virginica
X131 LS MC LS WC virginica
Xi32 LS WC LS WC virginica
X33 MS MC LS WC virginica
X34 MS MC LS MC virginica
X35 MS SC LS MC virginica
Xi36 LS MC LS WC virginica
Xi37 MS MC LS WC virginica
Xi3s MS MC LS WC virginica
X139 MS MC MS WC virginica
Xia0 LS MC LS WC virginica
Xy MS MC LS WC virginica
X142 LS MC LS WC virginica
Xia3 MS SC LS WC virginica
Xiaa LS MC LS WC virginica
Xias MS MC LS WC virginica
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Objek a b c d Class

X6 MS MC LS WC virginica
Xia7 MS SC LS WC virginica
Xias MS MC LS WC virginica
X149 MS MC LS WC virginica
Xis0 MS MC LS WC virginica

Rule Formation Results

Rule formation is the dataset processing stage taken from the data in table 11 before the rule
generation process is carried out. The formation of the rules applies the rough set method to produce
a set of reduct attributes by considering the variable precision or error rate to get the reduct attribute.
Information System Reduct in table 12 is reviewed again with regard to the redundancy pattern of
the condition attribute values and the resulting target attribute values. In table 12, objects
X, and X, are repeating objects, so one object can be omitted. Likewise with objects x; with X, and
objects X, with X, . The results of forming rules with attributes with minimum reduct frequency and
the results of reducing data records number 9, 21, 42, 73, 93, 94, 107, 115 and 117 can be seen in Table
12 and Table 13 below:

Table 12. Information System Reduct

No. Record data Object a b d Class
9 X, SS MC SC setosa
21 X SS MC SC setosa
42 X3 SS SC SC setosa
73 X, MS SC MC versicolor
93 X5 SS SC MC versicolor
94 X SS SC MC versicolor
107 X7 SS SC MC virginica
115 Xg MS MC WC virginica
117 Xy MS MC WC virginica

Table 13. Information System Reduction

No. Data Record Object a b d Class
9 X, SS MC SC setosa
42 X;3 SS SC SC setosa

73 X, MS SC MC versicolor

93 Xs SS SC MC versicolor

107 X, SS SC MC virginica

115 Xg MS MC WC virginica

Rule Generation Results

The rule generation applies the fuzzy grid partition method in which the grid structure is
built using an adapted technique based on the rule weights. The adapted fuzzy grid partition method
is carried out in 2 stages. In the first stage, the grid is formed as smooth as possible with the condition
that all possible rules can be generated, or the iteration will stop when there is a rule that has a weight
of one. Meanwhile, in the second stage, new rules will be generated with higher weights to increase
the accuracy of these rules.

In accordance with the steps of the grid partition method adapted to obtain rules, the
number of rules generated is 11 rules with data record numbers 9, 42, 73, 93, 107 and 115. In the first
stage, the rules generated in the Kstagel state«K=2 is Sp = {R?,;, R{,,, R%,1, Ri;5, R311, R315, R3,1,
RZ,,}. The second stage of the rules is generated in the K state«2K, is Sz = { R?,;, R{1,, R%1, R%,,,
R%11, R%12, R%,1, R%,5, , R315, R353, R3,4 }. The rules generated up to the second stage are as follows:

1. R2,,:IF slis A3 AND sw is A?> AND pw is A3 THEN setosa
2. R%,:IF slis A2 AND sw is A2 AND pw is A3 THEN virginica
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3. R%,:IF slis A3 AND sw is A3 AND pw is A?> THEN setosa

4. R?%,,:IF slis A? AND sw is A3 AND pw is A3 THEN virginica
5. R%,,:IF slis A3 AND sw is A? AND pw is A2 THEN versicolor
6. RZ%,,:IF slis A3 AND sw is A? AND pw is A3 THEN virginica
7. R3%,.:IF slis A3 AND sw is A3 AND pw is A2 THEN versicolor
8. RZ%,,:IF slis A3 AND sw is A3 AND pw is A3 THEN virginica
9. R%.5:IF slis A4 AND sw is A} AND pw is A3 THEN virginica
10. R%,3:IF slis A3 AND sw is A5 AND pw is A THEN virginica
11. R%,,:IF slis AY AND sw is A5 AND pw is A} THEN virginica

Classification Results

Method testing on the dataset is carried out by looking at the accuracy of the classification
results for each object from the dataset. Testing is carried out in three stages, namely, first
determining the a value of each object in each class; the second determines the largest o value of
each object in each class and the third determines the maximum a (qy) Of Aserosar Aversicororand
Apirginica- A recapitulation of classification results can be seen in table 14 below:

Table 14. Recapitulation of classification results based on the generated rules

No. Data Max « Class Classification

RECOI'C]. asetusa, Qyersicolor avirginica max Results
9 0.2642 0.0085 0.0107 0.2642 setosa Correct

42 0.3437 0.0228 0.0292 0.3437 setosa Correct

73 0.0665 0.2698 0.0871 0.2698 versicolor Correct

93 0.1075 0.0672 0.0850 0.1075 setosa Wrong
107 0.0998 0.0225 0.1866 0.1866 virginica Correct
115 0.0074 0.0059 0.2188 0.2188 virginica Correct

Classification Accuracy

To determine the classification accuracy based on the rules that have been generated, it is
necessary to calculate the percentage of classification accuracy. Classification accuracy is calculated
by comparing the number of correct classifications with the overall classification. Calculation of

accuracy using the following equation 15.

correct classification
2 JLcation  100) %
Y. overall classification

accuracy (%) = (

Based on table 15, the level of classification accuracy based on the rules generated is as
follows:

accuracy(%) = (g x 100) %
accuracy(%) = 83.3333 %

To find out the level of error (error) of the rules that have been generated is to compare the
number of incorrect classifications with the overall classification. Measuring the level of accuracy of
the rules using the following equation.

error (%) = (2SSO 3 100)96 e (10)

Y overall classification

Based on the table of 15 error levels, the rules that have been generated are as follows:
1
error (%) = (g x 100) %
error (%) = 16.6667 %
Apart from measuring the level of accuracy of the rules, method testing also measures the

amount of data that cannot be classified (unclass). Unclass data can be calculated using the following
equation: Based on table 15, the amount of unclass data is as follows:
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Z unclass =6 —(5+1)

Z unclass =0

Based on the calculation results it is known that the data that cannot be classified (unclass)
is 0 which means that all data can be classified.

Discussion
a. Number of Attributes and Number of Objects

One of the objectives of hybrid research on the fuzzy grid partition method with the rough
set method in generating rules for data set classification is to obtain rules that do not increase
exponentially. To solve this problem, the first stage was to apply the rough set method to reduce the
number of attributes and the number of objects without affecting the classification results. The results
of the simplification of the Discernibility Matrix Modulo D set with the CNF Boolean Function obtain
candidates for the set with a minimum frequency of reduct occurrence and non-repetition. In
addition, data that has repeated (redundant) values can be reduced so that the rules formed are more
concise. Table 10 shows a dataset that still has 4 attributes.

In table 11 there are objects with redundant condition attributes and decision attributes,
namely X; with X;, X5 with X, then Xg with X;. These repeated objects can be reduced by deleting one
to form a rule to get a target or decision. The reduced results of Information System Reduct can be
seen in table 12 which is a Reduction Information System.

In table 10 and table 12 there are differences in the number of attributes and number of
objects. The rules formed by applying the rough set method are more concise. The Information
System and Decision System in table 10 consist of 4 condition attributes and 9 objects while the
reduced Information System in table 12 consists of 3 condition attributes and 6 objects.

b. Number of generated rules

The fuzzy grid partition method with adapted techniques can generate rules so that the
resulting rules can classify data sets. The initial stage of forming rules using the rough set method
can form more concise rules so that the process of generating rules using the fuzzy grid partition
method also results in fewer rules being generated. In previous research (Sitompul, et al, 2017), the
application of the fuzzy grid partition method with the Iris Flower data set did not carry out the
process of forming rules. The rules that have the potential to be generated with a total of 9 objects
and a total of 4 attributes in stage 1 with K=2 are 16 rules while the formation of rules that have been
carried out by applying the rough set method, where the number of objects as many as 9 turned into
6 objects and the number of attributes 4 conditions changed 3 attribute conditions, then in stage 1
where K =2 produces 8 rules that have the potential to be generated. The difference in the number
of rules that have the potential to be generated can be seen in the following:

IF slis A2 AND sw is A? AND pl is A?> AND pw is A2 THEN C
:IF slis A2 AND sw is A? AND pl is A2 AND pw is A2 THEN C
:IF slis A2 AND sw is A? AND pl is A2 AND pw is A2 THEN C
:IF slis A2 AND sw is A? AND plis A2 AND pw is A2 THEN C
:IF slis A2 AND sw is A2 AND pl is A2 AND pw is A2 THEN C
:IF slis A2 AND sw is A2 AND pl is A2 AND pw is A2 THEN C
:IF sl is A2 AND sw is A2 AND plis A2 AND pw is A2 THEN C
:IF sl is A2 AND sw is A2 AND pl is A2 AND pw is A2 THEN C
:IF slis A2 AND sw is A2 AND plis A2 AND pw is A2 THEN C
:IF slis A2 AND sw is A2 AND pl is A2 AND pw is A2 THEN C
:IF slis A2 AND sw is A2 AND pl is A2 AND pw is A2 THEN C
:IF slis A2 AND sw is A2 AND pl is A2 AND pw is A2 THEN C
:IF slis A2 AND sw is A%Z AND pl is A> AND pw is A2 THEN C

1.
2.
3.
4.
5.
6.
7.
8.
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R2,,,:1F slis A3 AND sw is A3 AND pl is A2 AND pw is A3 THEN C
R2,,,:IF slis A3 AND sw is A3 AND pl is A2 AND pw is A?> THEN C

R2,,,:IF slis A3 AND sw is A3 AND pl is A2 AND pw is A3 THEN C
Figure 1. Potentially generated rules without rule generation

:IF slis A2 AND sw is A2 AND pw is A? THEN C
IF sl is A2 AND sw is A> AND pw is A3 THEN C
IF sl is A2 AND sw is A3 AND pw is A2 THEN C
:IF slis A2 AND sw is A3 AND pw is A3 THEN C
:IF slis A3 AND sw is A2 AND pw is A2 THEN C
:IF slis A3 AND sw is A2 AND pw is A3 THEN C
:IF slis A3 AND sw is A3 AND pw is A2 THEN C
:IF slis A3 AND sw is A3 AND pw is A5 THEN C

1.
2.
3.
4.
5.
6.
7.
8.

Figure 2. Potentially generated rules with rule generation

Likewise for K«—K+1 and K«2K, the number of rules that have the potential to be generated is less
than the fuzzy grid partition method without rule formation. When K«-K+1, the number of rules
that can potentially be generated is 27 rules and when K«2K, the number of rules that have the
potential to be generated is 64 rules.

The hybrid fuzzy grid partition method with adapted techniques and the rough set method
produces 11 rules. The number of rules produced is different from the number of rules produced in
previous research, namely 22 rules. The difference in the number of rules generated can be seen in
table 15 below:

Table 15. The difference in the number of generated rules

Method Original ~ The number =~ Number of Number of Rules raised

Number of objects attributes K2« KK+l« K2K«  Stagel Stage 2

of after the generated
Objects rough set
process

Fuzzy grid partition 9 9 4 16 28 23 16 28
Hybridfuzzy grid
partition and 9 6 3 8 16 23 8 11

rough set methods

c.  Classification Accuracy Results

Testing the method for classification accuracy based on the rules generated by the data in
table 14 produces an accuracy rate of 83.3%. The percentage level of classification accuracy is higher
than the application of the fuzzy grid partition method alone with the same amount of recorded
data.

In addition to calculating the level of classification accuracy, data that cannot be classified
(unclassed) is also calculated using equation 16. Based on table 16, the amount of unclassified data
is as follows:

Z unclass = Z overall classification — (z correct classification + Z incorrect Classification)

Z unclass = 6 — (6 + 2)

Z unclass =0

Based on the results of these calculations, the data that cannot be classified (unclass) is 0
which means that all data can be classified.
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Conclusion

The conclusions of this research can be described based on the findings, discussions and results
above are: The application of the rough set method at the beginning of rule formation can reduce the
number of condition attributes and the number of redundant objects so that the rule formation
process becomes more concise The grid partition method with a grid structure applying adapted
techniques produces fuzzy rules that have the potential to be generated. The hybrid grid partition
method and rough set method produce classification rules that do not increase exponentially. The
number of classification rules generated decreases as the number of condition attributes and the
number of objects classified decrease. Fuzzy rules generated by the hybrid method produce a
classification accuracy rate of 83.3% with 9 data records and the number of unclassified data is 0.
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