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Abstract
In this paper, we explore the applicability of Subtractive Clustering 
Technique (SCT) to student allocation problem that allocates 
new students to homogenous groups of specified maximum 
capacity, and analyze effects of such allocations on the academic 
performance of students. The paper also presents a Fuzzy set, 
Subtractive Clustering Technique (SCT) and regression analysis 
based Subtractive Clustering Fuzzy Expert System (SCFES) model 
which is capable of dealing with imprecision and missing data 
that is commonly inherited in the student academic performance 
evaluation. This model automatically converts crisp sets into fuzzy 
sets by using SCT. 
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I. Introduction
The student academic performance evaluation problem can be 
considered as a clustering problem where clusters (or classes) 
are formed on the basis of intelligence level of students, and 
the class size should not exceed the predefined capacity. The 
intelligence level wise grouping is essential for maintaining 
the homogeneity of the group otherwise it would be difficult 
to provide good educational services to highly diverse student 
population. Moreover, homogenous grouping of students having 
similar ranking (or some other measures) into classes would 
further make the academic performance results fairer, realistic 
and comparable.
The existing practice of score aggregation based student similarity 
or his/her rank determination is unrealistic because scores are 
assembled from different score combinations. Universities use 
GPA (Grade Point Average), an example of score aggregation based 
on the statistical measure a major criterion for student selection. 
Most universities consider 3.0 and above GPA as an indicator of 
good academic performance, hence, it remains the most common 
factor used by the academic planners to evaluate progression in 
an academic environment (S. S. Sansgiry, et al., 2006) -despite 
itslimitations in providing a comprehensive view of the state of 
students’ performance evaluation and simultaneouslydiscovering 
important details from their continuous performance assessments 
(O.J. Oyelade, et al., 2010). Furthermore, average score may lead 
to a wrong conclusion. Especially, when details of data from which 
it is computed are not given.
It has been observed that there are factors, other than academic 
ones, pose barriers to students attaining and maintaining high. 
Therefore, grouping or clustering students using cognitive as well 
as affective factors into different categories, and then defining 
performance measure may be a realistic approach. For example, 
consider a scenario where two students score 50, 60, 70, and 70, 
60, 50 in three tests respectively. The average mark obtained by 
each is 60. Can we conclude, from the average, that intelligence 
level of both the students is same? Of course not! The data indicates 
that onestudent is improving while the other is deteriorating 

consistently-it may imply that one student is learning consistently 
from his experience.
The example illustrates that the student ranking or modeling 
academic performance evaluation method should be based on 
class homogeneity− a view point supported by other researchers 
(Z. Zukhri et al., 2008). In addition to such computational 
issues, as mentioned before, the imprecision and vagueness in 
data collection process also affect the performance indicators 
evaluation. Unfortunately, this aspect is ignored in practice 
because generally hard computing based process, procedures 
and techniques are used in performance evaluation. Observation 
shows the soft computing techniques are more powerful and better 
suited in providing feasible solutions to the problems that deal with 
uncertainties and vagueness. For instance, the fuzzy logic, handles, 
imprecision, and uncertainty in a natural manner by providing 
ahuman oriented knowledge representation is possible, but it is 
weak in self-learning and generalization of rules. A combination 
of fuzzy logic and genetic algorithm is expected to eliminate this 
weakness. Now, their power is being investigated.
In their recent work Mankad et al., (2011) have reported an evolving 
rule based model for identification of multiple intelligence. Their 
genetic-fuzzy hybrid model identifies human intelligence. Zainudin 
Zukhri and Khairuddin Omar (2008) have reported successful 
application of Genetic Algorithm for solving difficult optimization 
problems in new students’ allocation problem. Sreenivasa Rao 
et al, (2012), Gupta and Dhawan, (2012), Pavani, Gangadhar 
and  Gulhare, (2012), Chaudhari, Khot and Deshmukh (2012), 
Stathacopoulou et al. (2005), and Upadhyay (2012) developed 
a model for improving academic performance evaluation of 
students based on data warehousing and data mining techniques 
that use soft-computing intensively. Their analysis indicates that 
the group homogeneity improves students’ academic performance 
and enhances education quality.
An Artificial Neural Network (ANN) model reported in Ayodele 
et al., (2010) that along with computation also derives meaning 
from imprecise data, extracts patterns and detects trends. This 
ability has added new dimensions in comprehending the complex 
phenomena that is buried in students’ data otherwise might have 
gone unnoticed using hard computing techniques.
In practice, whether phenomena discovery or performance 
indicator computation, their accuracy dependson the data quality 
that in turn depends on the accuracy of data collection process 
and representation techniques. In order to address the data related 
issues, in education domain, Biswas (1995) suggested use of fuzzy 
sets (Zadeh, 1965) in students’answer-sheets evaluation. Wang and 
Chen (2007) recommended use of vague sets (Gau and Buehrer, 
1993) instead of fuzzy sets to represents the vague marks of each 
question where the evaluator can use vague values to indicate the 
degree of the evaluators’ satisfaction for each question.
In fuzzy sets the membership evaluation (characteristics function 
definition) is a major issue. In order to apply the fuzzy set in 
education domain effectively, there have been a lot of efforts in 
defining the effective  membership. Bai and Chen (2008) define 
fuzzy membership functions for fuzzy rules; Law (1996) used 
fuzzy numbers, and for more information on this issue consult: 
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Chen and Lee (1999), Wang and Chen (2006), A. Neogi et al. 
(2011), Stathacopoulouet al. (2004), Guh et al. (2008), Gokmenet 
al. (2010), Daud, et al. (2011), Hameed (2011), Baylari and 
Montazer (2009), Posey and Hawkes (1996), Yadav and Singh 
(2011), Stathacopoulou et al. (2007), Bhatt and Bhatt (2011), 
Zhou and Ma (2000). The research works cited in the preceding 
paragraph indicates that the fuzzy logic, neural network and 
fuzzy neural network have already been employed in student 
modeling systems but almost nothing or very little hasbeen 
mentioned about automatic generation of fuzzy membership 
function. This paper describes a method for automatic generation 
of membership function for student academic performance 
evaluation by using Subtractive Clustering Technique. For this 
purpose we have used Subtractive Clustering technique for 
automatic generation of membership function and evaluation of 
student academic performance evaluation. In order to obtain the 
homogeneous clusters (or classes) of students, we have studied 
the performance of Subtractive clustering technique forstudent 
population clustering. For this purpose, we have developed 
students’ academic performance evaluation models.
In this research paper, the proposed Subtractive Clustering Fuzzy 
Expert System (SCFES) which automatically convert the crisp 
data into Fuzzy set and also calculate the total mark of a student 
appeared in semsete-1, semester-2 and semester-3 examinations. 
The proposed idea is a starting attempt to use the applicability 
of Subtractive clustering technique to analyze and find out 
modeling academic performance and to improve the quality of 
the students and teachers performance in educational domains. 
The Subtractive Clustering technique is a data warehousing and 
data mining techniques. Due to this reason it is more effective 
for improve the quality of education. The management can use 
some techniques to improve the course outcome according to the 
improve knowledge. Such knowledge can be used to give a good 
understanding of student’s enrollment pattern in the course under 
study, the faculty and managerial decision maker in order to utilize 
the necessary steps needed to provide extra classes. On the other 
hand, such types of knowledge of the management system can 
enhance their policies, improve their strategies and improve the 
quality of the system.
The methods presented in section two, will show that fuzzy 
approaches are potentially useful for student performance 
evaluation. However, apart from the individual disadvantages 
of existing methods described in section two, it can be observed 
that these methods also have several common shortenings. Firstly, 
these methods produce a new total score in terms of crisp values 
before a new grade can be awarded. This can be a substantial 
setback as the difference of the new total score with the original 
score may be very large and thus create confusion for the user, 
especially the students. Secondly, all the methods are wholly based 
on expert opinions without offering the possibility of making 
direct use of information gathered from data. Newly developed 
Subtractive clustering technique approaches should look into ways 
of avoiding, or at least reducing such disadvantages. 
The paper, besides introduction, has four sections. The next Section 
gives Clustering based approach for Academic Performance 
Evaluation. Section three describes the experimental results of 
proposed subtractive clustering fuzzy expert system. We conclude 
and future works of paper with section four.

II. Clustering Based Approach
Cluster is a group of objects that are mathematically more similar 
to one another than to members of the other clusters. Clustering is 

basically detection of subspaces of the data space. The potential 
of clustering algorithms to reveal the underlying structures in 
data, can be exploited for partitioning the input space of fuzzy 
systems. Fuzzy clustering methods allow objects to belong to 
several clusters simultaneously, with different membership degree. 
A large family of clustering algorithms is based on minimization 
of fuzzy C-means objective functions. In this paper, we have 
used Subtractive clustering techniques for students’ academic 
performance calculation.
Reasoning based on fuzzy approaches has been successfully applied 
for the inference of multiple attributes containing imprecise data; 
in particular, Subtractive clustering fuzzy expert system (SCFES) 
which provide intuitive methods of reasoning have enjoyed much 
success in solving real-world problems. Recent developments 
in this area also show the availabilityof SCFES which allow 
interpretation of the inference in the form of linguistic statements 
whilst having high accuracy rates. The use of linguistic rule models 
such as “If assignment is very poor and exam is average then 
the final result is poor” helps capturingthe natural way in which 
humans make judgments and decisions. Furthermore, historical 
data that is readily available in certain application domains can 
be used to build fuzzy models which integrate information from 
data with expert opinions. It is also important that the designed 
fuzzy models are interpretable by, and explainable to, the user. This 
section describes a newly proposed Subtractive clustering fuzzy 
expert system (SCFES) that achieves such objectives, and shows 
how the method can be applied to the classification of student 
performance. Description of Subtractive clustering algorithm is 
given briefly in this section.

A. Subtractive Clustering Algorithm
Subtractive clustering is a technique for generating fuzzy inference 
systems by detecting clusters in input–output data. This is important 
for applications where a clear idea of how many clusters should 
be for a given set of data. Subtractive clustering is a fast, one pass 
algorithm for estimating the number of clusters and the cluster 
centers in a data. An important difference over the grid partition 
method is that the number of membership functions does not 
have to be defined initially. The algorithm sets the number of 
membership functions based on the key cluster found.The idea 
of fuzzy clustering is to divide the data space into fuzzy clusters, 
each representing one specific part of the system behavior. After 
projecting the clusters into the input space, the antecedent parts 
of the fuzzy rules can be found. The consequent parts of the rules 
can then be simple functions. In this way, one cluster corresponds 
to one rule of the TSK model.
Using a fuzzy clustering algorithm, membership functions can 
be determined according to two possible methods. In the first 
method, the clusters are projected orthogonally onto the axes of 
the antecedent variables, and the membership functions are fitted 
to these projections. The second method uses multi-dimensional 
antecedent membership functions, i.e. the fuzzy clusters are 
projected onto the input space. Fig. 1, illustrates a schematic 
overview of the latter method. Using this method, the membership 
degree of a data point is directly computed in this projected cluster 
according to its distance from the projected cluster center. From 
fig. 1, didenotesthe projected cluster center and cidenotes the data 
point.
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Fig. 1: Projection of the Fuzzy Clusters onto the Antecedent Space 
in the Case of a Three-Dimensional Input-Output Space

Several clustering methods are well known. The first method is 
K-means, second is fuzzy C-means method, third is mountain 
and then fourth is Subtractive Clustering (SC) method, which is 
a non-iterative algorithm(Chiu, 1994).
Subtractive clustering was introduced by (Stephen L. Chiu, 1994). 
For this method, data points have to be rescaled to [0,1] in each 
dimension. Each data point zj = (xj, yj) is assigned a potential Pj, 
according to its location to all other data points:

   (1)
Where

     (2)
 is the potential-value i-data as a cluster.

α is the weight between i-data to j-data.
 xis the data points.
γ is variables (commonly set 4)
ra is a positive constant called cluster radius.
The potential of a data point to be a cluster center is higher 
when more datapoints are closer. The data point with the highest 
potential, denoted by  is consideredas the first cluster center 
c1=(d1,e1). The potential is then recalculated for all otherpoints 
excluding the influence of the first cluster center according to:

    (3)
Where

    (4)

     (5)

     (6)
 is the potential-value i-data.
 is the potential-value data as cluster centre.

 cis the cluster centre of data.
β is the weight of i-data to cluster centre.
ri is the distance between cluster centre.
η is the quash factor.
Again, the data point with the highest potential  is considered 
to be the next cluster centre ck if

     (7)
with d-min is the minimal distance between c1 and all previously 
found cluster centers, the data point is still accepted as the next 
cluster center c1. 
Further iterations can then be performed to obtain new cluster 
centers c2. If a possible cluster center doesnot fulfill the above 
described conditions, it is rejected as a cluster center and its 
potential is set to 0. The data point with the next highest potential 

 is selected as the new possible cluster center and re-tested. The 
clustering ends if the following condition is fulfilled:

     (8)
Where: ε is the reject ratio. Each cluster center is considered as 
a fuzzy rule that describes the system behavior of the distance to 
the defined cluster centers:

    (9)
Equation (9) is a common form of subtractive clustering; hence 
it needs to create an algorithm to process data clustering. Thus, 
this paper proposed an algorithm to cluster the data to train a 
SCFES:
Step 1: Calculate the input data to be clusters.
Xij,i = 1,2,3, …….. n;j = 1,2,3 …….., m. 
With n: is the number of data.
 m: is the type of data.
Step 2: Set the variables value:
i:   rj, j = 1,2,3, …….. m.  
ii: η quash factor.
iii: ε*  accept ratio. 
iv:  ε reject ratio. 
v:   Xj-min 
vi:  Xj-max 
Step 3: Set the normal value based on Xj-min and Xj-max use with 
the following model:

 (10)
Step 4: Set the potential of each data point by the formula:
a = 1, revise to a = n 
 If m = 1, set

(11)
Where k = 1,2,3, …. n; i ≠ k 
If m>1, set 

   (12)
Where i = 1,2,3,…..n; j = 1,2,3, …. n; i ≠ k
Step 5: Set the highest potential value of data:

 (13)
Step 6: Set cluster centre and update the potential value that 
correspond to another data:
i:    Cnt=[ ] 
ii:  Vj = Xhj; j = 1,2,3, …., m. 
iii: C=0 (number of clusters) 
iv: Cnd=1 
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v:   z=m 
vi:  Do Cnd ≠0 and Z=0 
Step 7: Put the real data:

 (14)
Step 8: Set the cluster sigma:

   (15)
The algorithm produced vector-centre and sigma value of each 
cluster based on the model developed by Chiu (Stephen L. Chiu, 
1994), as shown in fig. 7. The proposed algorithm used to decide 
the membership of learning data of each cluster is as follows:

   (16)

B. Fuzzy Logic Inference
FL inference system is used to collect all of fuzzy rules base to set 
up the crisp output. Therefore, developing fuzzy inference system 
must be based on fuzzy rules base. In case of optimization inference 
system TSK model, the number of desired rules is equal to the 
number of clustering center. Clustering process produce cluster 
center value and cluster sigma which will be used to perform the 
fuzzy logic rules. From these fuzzy rules, the membership of each 
data on each cluster can also be performed, and the antecedent of 
each rule can be quantified with union theory as follows:

AND relation use min operation.1. 
OR relation use max operation.2. 

This quantification process for each rule produces fitness-limit 
value of each rule.This value is a weight for each fuzzy rule base to 
set the fuzzy output. In this paper, fuzzy output will be calculated 
using weight-average method as follows:

   (17)
Where O is the fuzzy output and R is the number of rules (equal 
to number of data cluster).
Generally, the performance of supervised learning process is 
determined by Meansquare Error (MSE), calculated based on 
the output split green time and the split green time calculated 
by the human expert. The MSE is determined by the equationas 
follows:

   (18)
Where MSE is the mean square error and N is the number of 
data.

III. Experimental Results

A. Experimental Result of Subtractive Clustering 
Method
In this paper, we have proposed a method called rule based 
Subtractive Clustering Fuzzy Expert System (SCFES) for 
academic performance evaluation. We consider here a method by 
which fuzzy membership function may be created for fuzzy classes 
of an input data set by using Subtractive clustering techniques. 
Let us consider, 100 students’ marks obtained by Semester-1, 
Semester-2 and Semester-3 examination. This student’s marks 

data set is divided into two parts namely: Student Training Data 
Set and Student Testing Data Set.  The proposed model SCFES 
was trained and tested of this 100 data set of students’ marks. 
The dataset used for the purpose of training SCFES models is a 
set of student performance records (Training Data Set). It consists 
of 50 instances, involving three conditional attributes: Sem-1, 
Sem-2 and Sem-3, and five possible classification outcomes: 
Unsatisfactory (E), Satisfactory (D), Average (C), Good (B) and 
Excellent (A). Note that the term ‘Average’ describing students’ 
performance used in this paper is not referring to the statistical 
average. For the sake of simplicity, only five linguistic labels 
similar to the classification outcomes are used to represent student 
achievements. The fuzzy partitions and labels (shown in fig. 4, 5 
and 6) are based on Subtractive clustering representing the students’ 
performance. The primary assumption is that the partitions chosen 
by Subtractive clustering are those best possible to represent the 
training data(Training Data Set). Clearly, Subtractive clustering 
has given better fuzzification, if available will help improve 
the experimental results reported below. Note that the given 
definition of the fuzzy sets is obtained solely on the basis of the 
normal distribution of the crisp marks given. This ensures their 
comparison with other approaches. 
The classification of the grades in this experiment is based on 
maximum value of mark that refers to the level of performance 
given by experts as shown in Table 1. To facilitate a fair comparison, 
the same dataset consisting of 15 instances and having the same 
features as the training dataset is used for all of the methods. The 
details of the testing dataset are shown in Table 2. 

Table 1: Marks and Their Associated Original Grade and Level 
of Achievement
S.No. Marks Grade Level of Achievement
1. 0-25 E Unsatisfactory
2. 26-45 D Satisfactory
3. 46-55 C Average
4. 56-75 B Good
5. 76-100 A Excellent

Table 2: Data Set of Students’ Score in Sem. 1, Sem. 2 and Sem. 
3

S.N. Sem-1 Sem-2 Sem-3 Final 
Marks Grade

1. 10 23.33 20.00 17.78 E
2. 5 16.67 12.00 11.22 E
3. 15 13.33 18.00 15.44 E
4. 45 26.67 40.00 37.22 D
5. 35 33.33 30.00 32.78 D
6. 35 50.00 38.00 41.00 D
7. 45 43.33 54.00 47.44 C
8. 50 40.00 50.00 46.67 C
9. 45 50.00 58.00 51.00 C
10. 50 70.00 62.00 60.67 B
11. 65 70.00 74.00 69.67 B
12. 85 60.00 76.00 73.67 B
13. 95 76.67 86.00 85.89 A
14. 85 83.33 96.00 88.11 A
15. 90 90.00 98.00 92.67 A
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Fig. 2 shows the input data and expected out data for Subtractive 
clustering technique.
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Fig. 2: Input and Output Data

Fig. 3 shows the Subtractive Clustering based Fuzzy Expert 
System for students’ academic performance evaluation.
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Fig. 3:  Subtractive Clustering Based Fuzzy Expert System 
(SCFES)
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Fig. 4: Membership Function of Sem-1 Marks
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Fig. 5: Membership Function of Sem-2 Marks
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Fig. 6: Membership Function of Sem-3 Marks

Table 3: The Cluster Centers of Unsatisfactory, Satisfactory, 
Average, Good and Excellent
S.N. Cluster Centre Sem-1 Sem-2 Sem-3 Final Marks
1. Unsatisfactory 10.0000 23.0000 16.0000 25.0000
2. Satisfactory 50.0000 26.0000 38.0000 45.0000
3. Average 35.0000 50.0000 58.0000 55.0000
4. Good 55.0000 75.0000 76.0000 75.0000
5. Excellent 85.0000 87.0000 88.0000 100.0000

In above Table 3 shows that five rows representing five clusters 
with four columns representing the positions of the clusters in 
each dimension. Subtractive clustering techniques has hence 
identified five natural groupings in the students semesters dataset 
being considered. Fig. 7 shows the cluster centers in the semester 
examination data set and output dimension of the input space.

Fig. 7 Cluster centers in the Semester Examination Data Set and 
Output dimensions of the Input Space

The width (σ) of all Gaussian membership functions is given by in 
Table 4. This width (σ) contains the sigma values that specify the 
range of influence of a cluster center in each of the data dimensions. 
All cluster centers share the same set of sigma values. The width 
variables (σ) in this case hasfour columns representing the influence 
of the cluster centers on each of the four dimensions.

Table 4: Width of All Gaussian Membership Functions
S.No. Sem-1 Sem-2 Sem-3 Final Marks
1. 16.7938 15.3796 16.6170 13.2583

The symmetric Gaussian function depends on two parameters 
and c as given by
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                                (19)
Where σ and c denote the width and centre of the function, 
respectively. We control the shape of the function by adjusting the 
parameter σ. A small  will generate a “thin” membership function, 
while a big σ will lead to a “flat” membership function. This feature 
is used to fuse and delete rules from a given rule base. All the 
membership function is given by the following formulae:
For Sem-1 data set

For Sem-2 data set

 

For Sem-3 data set

B. Rule Generation
If Sem-1 is unsatisfactory and Sem-2 is unsatisfactory 1. 
and Sem-3 is unsatisfactory then Student Performance is 
unsatisfactory.
If Sem-1 is satisfactory and Sem-2 is satisfactory and Sem-3 2. 
is satisfactory then Student Performance is satisfactory.
If Sem-1 is average and Sem-2 is average and Sem-3 is 3. 
average then Student Performance is Average.
If Sem-1 is good and Sem-2 is good and Sem-3 is good then 4. 
Student Performance is good.
If Sem-1 is Excellent and Sem-2 is Excellent and Sem-3 is 5. 

Excellent then Student Performance is Excellent.
The first rule can be explained simply as follows:  If the inputs to the 
Subtractive Clustering Fuzzy Expert System, Sem-1, Sem-2 and 
Sem-3, strongly belong to their respective cluster unsatisfactory 
membership functions then the output of Student Performance 
strongly belong to its cluster unsatisfactory membership function. 
The significance of the rule is that it succinctly maps cluster 
unsatisfactory in the input space to cluster unsatisfactory in the 
output space. Similarly the other four rules map cluster satisfactory, 
cluster average, cluster good and cluster excellent in the input 
space to cluster satisfactory, cluster average, cluster good and 
cluster excellentin the output space. If a data point closer to the 
first cluster, or in other words having strong membership to the first 
cluster, is fed as input to SCFES then rule1 will fire with more firing 
strength than the other four rules. Similarly, an input with strong 
membership to the second cluster will fire the second rule will 
with more firing strength than the other four rules andso on.The 
outputs of the rules (firing strengths) are then used to generate the 
output of the SCFES through the output membership functions.
The one output of the SCFES, student performance, has five linear 
membership functions representing the five cluster identified by 
Subtractive clustering. The coefficients of the linear membership 
functions though are not taken directly from the cluster centers. 
Instead, they are estimated from the dataset using least squares 
estimation technique.
All five membership functions in this case will be of the form:
Y = a*Sem-1 + b*Sem-2 + c*Sem-3 + f, where a, b, c and f 
represent the coefficients of the linear membership function. 
Fig. 9 shows Subtractive Clustering based Fuzzy based model 
output and checking data. The SCFES model output and checking 
data are shown as circles and solid blue line, respectively. Fig. 
8 shows the rule viewer for SCFES. Fig. 8 also shows that if a 
student has got 35 marks in sem-1, 50 marks in sem-2 and 38 
marks in sem-3 than the performance of that student is 50.30. Fig. 
10 shows the surface viewer of students’ academic performance 
evaluation.

Fig. 8: Rule Viewer for SCFES
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Fig. 9: Subtractive Clustering Based Fuzzy Model Output and 
Checking Data
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Fig. 10 shows the surface viewer of student academic performance 
evaluation.
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Fig. 10: Surface Viewer of Student Academic Performance

Table 5: Students’ Academic Performance Results Based on 
Subtractive Clustering Techniques

S.No. Sem-1 Sem-2 Sem-3
Proposed Method 
NewScore NewGrade

1. 10 23.33 20.00 27.600 D*
2. 05 16.67 12.00 23.200 E
3. 15 13.33 18.00 25.300 D*
4. 45 26.67 40.00 47.800 C*
5. 35 33.33 30.00 41.500 D
6. 35 50.00 38.00 50.300 C
7. 45 43.33 54.00 55.000 C
8. 50 40.00 50.00 54.400 C
9. 45 50.00 58.00 55.300 B*
10. 50 70.00 62.00 76.700 A*
11. 65 70.00 74.00 76.800 A*
12. 85 60.00 76.00 81.700 A
13. 95 76.67 86.00 94.300 A
14. 85 83.33 96.00 108.00 A
15. 90 90.00 98.00 107.00 A

*Indicates that the new grade is different and improve from the 
Subtractive Clustering method.
In Table 5, it can be seen that by using the Subtractive clustering 
Fuzzy Expert System based approaches, antecedent and consequent 
parameters are easily determine by the Subtractive Clustering 
techniques because Subtractive clustering technique automatically 
construct the membership function and fuzzy if then rule. Table 5 
also shows that the proposed method SCFES model have given 
better performance in comparison to Rashmani and Shen’s 
method (2006) for student academic performance evaluation in 
educational domain.

IV. Conclusion and Future Work
This paper has presented a fuzzy rule-based approach to be used 
for aggregation of student academic performance. It is already 
seen that the proposed Subtractive clustering approach has 
several advantages compared to existing fuzzy techniques for 
the evaluationof student academic performance. In Subtractive 
clustering technique, the use of fuzzy membership values to 
determine the decision is very helpful for the user to understand 
why the new grade was awarded.The proposed method has the 
potential to be developed further for useas an extended method of 

evaluation by providing new grades that refer to achievements of 
other groups. In this paper, we have observed that the Subtractive 
clustering technique is used for the first time and best model 
for modeling academic performance in educational domain. 
Therefore, Subtractive clustering technique serves as a good 
benchmark to monitor the progression of students modeling in 
educational domain. It also enhances the decision making by 
academic planners semester by semester by improving on the future 
academic results in the subsequence academic session. It worth of 
future research to use combine technique of Subtractive clustering 
technique and fuzzy C-Means called hybrid Fuzzy Expert system 
to evaluate student and teacher academic performance and also 
develop adaptive learning system and Intelligent Tutoring System 
for Internet based education like Distance Education. The system 
is implemented by using the Fuzzy Logic ToolboxTM 2.2.7 by 
MathWorks. 
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