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Abstract 
In the field of Educational Data Mining (EDM) and analytical based 

learning now became the most emerging area of search which helps to 

explore useful knowledge form the existing database of educational 

academic activities which may be utilized to predict the performance of the 

students in advance and giving them right guidance to improve themselves 

for better success in their exams. In this modern educational system such 

kind of student prediction system is necessitated for the beneficiary of both 

students and management. This paper aims at developing an evolutionary 

approach inspired both on the swarm intelligence and the Artificial Neural 

Network (ANN). The traditional ANN lacks their performance due to the 

poor modeling structure and the capability of assigning proper weights to 

each node under the hidden layer. This problem is overwhelmed with the 

aid of particle swarm optimization which produces appropriate weight 

assignments in each iteration of the learning process. The performance 

gradually increase the accuracy of the prediction and classification more 

precisely 

Keywords: Students, academic performance, education mining, artificial 

neural network, particle swarm optimization. 
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1. Introduction  

In the current internet era analysis of the data is most challenging task but the 

exponential growth of data mining could provide more promising results on 

knowledge discovery from data (KDD). The functionality of the system is 

dependent on machine learning which extracts the patterns in a convenient 

manner for determining interesting patterns of a chosen voluminous databases, 

warehouses, repositories and stream of information in web. The data mining is 

involved in most of the fields like statistics, recognition of patterns, retrieval of 

data, machine learning, ANN, artificial intelligence and visualization of data. 

Now the focus of the data mining extends to the education system also.  EDM is 

an new evolving field in which the data mining techniques are applied in field 

of education. The EDM utilizes various ideas and the techniques like 

association based rule mining, classification of the student performance based 

on their academic characteristics and clustering the similar pattern of students.  

The knowledge that emerges can be used to better understand students’ 

promotion rate, students’ retention rate, students’ transition rate and the 

students’ success. This mining of knowledge based system is pivotal and vital to 

measure the students’ performance improvement. The classification algorithms 

can be used to classify and examine the students’ performance in precise 

manner. The performance of the students’ in their studies is subjective by 

several reasons like education of the parents, area, and financial status, presence 

in school, sex and exam result.  

The foremost aim of this paper is to use methodologies of data mining to study 

and analyze the school students’ performance. Mining technique off innumerous 

tasks that might be used to learn the students’ performance. In this paper, the 

swarm intelligence based classification is employed to estimate students’ 

performance and deals with the accuracy, confusion matrices and the time taken 

for execution by the different classification algorithms.  

This paper is compiled as follows. Section 2 enumerates a related work. Section 

3 presents the material and method of classification algorithms used in this work 

and discusses the aspects of classification algorithm. Section 4 elaborates a 

Proposed Methodology of the student performance classification; Section 5 

explains the deployment of proposed model construction in students’ 

performance classification and prediction. Section 6 terms the results and 

discussions of the simulation work. Section 7 delivers the conclusion. 

2. Related Work 

Several existing reviews concerning not only discriminate factors like socio-

economic, psychological behavior, personal attitude and other various 

environmental aspects that triggers the performance of the students but also 

some methodologies that have been used for predicting the performance of the 

International Journal of Pure and Applied Mathematics Special Issue

15342



students in their academics are greatly involved thus in this section various 

literatures in field of education data mining are listed below as related work. 

Ramaswami and Bhaskaran [1]in their work designed a prediction model named 

as CHAID for examining the correlation between variables which are involved 

in prediction of performance outcome of the higher secondary students. The 

attributes involved in this predication model are the medium they are studying, 

marks scored in secondary education, school locality, residential area and 

category of secondary education were the resilient signs for the student 

performance in higher secondary education. This prediction model used seven 

different class prediction variables for determining the performance of the 

students in advance. Nguyen et al [2] have deployed machine learning based 

methods to enhance the prediction accuracy of student’s performance using two 

different real scenarios. The class imbalance issue was greatly using thee 

different approaches and produces more promising results. The dataset was 

rebalanced initially and then svm is chosen for small dataset which was cost 

insensitive and learning sensitivity. The decision tree method is applied for 

larger datasets. These models are deployed on the local web initially. 

Arockiam et al. [3] developed a mining model for finding similarity pattern 

among urban and rural student’s skills in programming using FP Tree and K-

means clustering technique. To filter the patterns from the dataset was obtained 

using FP tree and the k-means clustering is deployed for finding the 

programming skills of the students. The analysis reveals that urban and rural 

students  greatly vary in their programming skill which mainly depended on 

their living environment and their characteristics. These study outcomes a truth 

that the more number of urban students are more skilled in programming than 

the rural students. It reveals that academicians afford additional training to 

urban students in the programming theme. Cortez and Silva [4] endeavored to 

forecast let down in the two core classes namely Mathematics and language 

subjects of two secondary school students from the Portugal by exploiting 29 

analytical attributes. In this four different classification algorithms are used and 

the dataset consist of 788 students’ appeared for examination. Their simulation 

result delivers that decision tree and neural network produced more accuracy in 

the process of prediction than the remaining two algorithms. For a four class 

dataset the accuracy of decision tree and neural network was 72%.  

In the work [5] the determination of the week students are done by applying the 

association rules and the result shows the most promising result. The weight of 

the hidden nodes is assigned using the genetic algorithm for three levels based 

on the student’s grade [6]. The performance analysis shows that integrating 

more than one classifier has significantly increased the classification 

performance. A method is devised for predicting the student academic 

performance using six different types of machine learning approaches for 

finding the efficiency of distance learning education which was very much 

different from the regular education system [7]. The performance analysis 
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shows the performance features selected for analysis and the demographic 

attributes involved in the process of better predicting capability are the major 

factors in machine based learning systems.  To predict the test score of school 

students a regression model is devised in [8] it accomplishes that mixed-effect 

representations existent best enactment as associated to Bayesian network. A 

CHAID based prediction model which is used to predict the performance of the 

higher secondary school students for getting better admission into universities 

[9].Students performance in there exam are in denoted using grades and they are 

predicted using Rule Induction and Naïve Bayesian classifiers [10]. The outlier 

in the students’ performance are identified using the clustering and the model is 

designed for estimating the ability of the students and the capability of the 

teachers for predicting the students’ performance in future exams [11]. The 

factors which influence the students are demographic and personality features 

which are correlated and they have more impact on their academic performance. 

For an enhanced recruitment after their degrees this study was conducted on the 

engineering stream students. The result shows the positive outcome of the data 

mining techniques [12]. Two different measures are involved for the 

comparison of the students’ performance using hierarchical regression analyses 

which are self-regulation and self-discipline. The simulation result shows that 

SR based analysis is more efficient than the self-discipline based measure [13]. 

To predict the academic performance of the undergraduate engineering students 

a new approach was proposed [14].  

An examination of student concert is prepared over a longitudinal learning [15]. 

An innovative method [16] forecasts the amount of periods a student echoes a 

course. It practices neural networks to discover association among certain 

features of students for progression valuation. The expectation of score and 

extrapolation of endorsement/disappointment difficulties of students is lectured 

by [17]. The employability of master level students is foretold by [18] and 

appeals the inference that understanding, effort and strain controlling 

capabilities are main emotive constraints for occupation. All the previous 

studies exploit a number of features related to student’s  performance and 

advanced educational decision making.  

3. Materials and Methods 

Artificial Neural Networks 

omputational mechanism which has the ability to collect, represent and compute 

the given dataset to a useful knowledge of information is done using artificial 

neural network which maps the given dataset to the different representation 

[18]. In general ANN is trained using the set of known inputs and outputs. The 

main objective to design an is to predict the outcomes from the given input 

which was not known previously. The most common learning algorithm is back 

propagation which uses multi-layered network consists of input, hidden and 

output layer as shown in figure 1. The neurons in hidden and output layers 

compute their input by multiplying each of their inputs by their corresponding 
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assigned weights and summing the products and transforming them using non-

linear transfer function to produce the output. The sigmoid function used in this 

approach is S-Shaped which is commonly adapted in this method as shown in 

figure 2.  ANN learns the pattern by adjusting the weights between the neurons 

based on the occurrence of error between the expected output and observed 

output values. Finally in this training phase, the artificial neural network 

denotes a model, which would be able to forecast a target value given an input 

value 

Input Layer           Hidden Layer        Output Layer 

Flow of Information 

 

Figure 1: Initial Setup of ANN 

 

Figure 2: Model of ANN with inputs, weights, summing function and sigmoid 

transfer function as activation function 

As shown in the figure 2 the hidden node which receives the input value sums 

the weighted values from all the receiving nodes which it is connected in the 
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previous layer. Legally, the input that a solitary node obtains is weighted 

agreeing to Eq. (1). 

jnet  = 
i

ijwt . Outi(1) 

Where wtij denotes the weights amid node i and node j, and outi is the output 

from node j such as Eq. (2). 

j
Out

= )( jnetfsf                                          (2) 

The function fsf is typically a non-linear sigmoid function that is functional to 

the based summation of inputs beforehand the signal processes to the 

subsequent layer. Benefit of the sigmoid purpose is that its derived can be stated 

in relations of the task itself such as Eq. (3). 

)(' jnetfsf = )( jnetfsf ))(1( jnetfsf                  (3) 

The Multi-layer Perception (MLP) can distinct data that are non-linear since it is 

'multi-layer', and it usually comprises of three kinds of layers. The input layer is 

the first layer, where the nodes are the basics of a feature vector. The hidden 

layer is the inner layer which is ranked as second type of layer because it does 

not hold output unit. The output layer is the third type which delivers the output 

of the model. Each node involved in this network is interconnected to the nodes 

both in the previous and the proceeding layers by the link termed as connection. 

Each connection is associated with a specific weight values.  

The error Err, for one input training pattern tp, is a function of the desired 

output vector dout, and the actual output vector, a out, given by Eq. (4). 

Err = )(
2

1
k

k

k aOutdout                                           (4) 

The error back propagated through neural network and the error is minimized 

by changing the weight between layer. So, the weight can be expressed in Eq. 

(5). 

ijwt ( )1n  = η(δj .aOuti) + α wtij(5) 

Where the learning rate parameter, j is η,δ an index of the rate of variation of 

the error, and α is the energy parameter. This procedure of feeding forward 

signals and back propagating the error is recurrent iteratively till the fault of the 

network as a complete is lessened or touches an satisfactory amount. 

Consuming the back propagation, the weight of the each influence can be 
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acknowledged and the weight can be used for classification. This uses technique 

for resolving the weight using backpropagation.  

From Eq. (2), the outcome of an output outj a hidden layer node j on the output 

outk from an output layer node k can be represented by the partial derivative of 

ok with respect to outj such as Eq. (6) 

j

k

out

out
= )(' knetfsf . 

j

knet

out

)(
= )(' knetfsf .wtjk             (6) 

The Eq. (6) calculation can yield values with together positive and negative 

signs. If only the greatness of the belongings is of attention, the importance of 

node j competent to alternative node in the hidden layer can be calculated as the 

ratio of the absolute values from the Eq. (6) equation. 

/
j

k

out

out

0j

k

out

out
=

kjk

jkk

wtnetfsf

wtnetfsf

0).('

).('
= 

kj

jk

wt

wt

0

                (7) 

The Eq. (7) displays that, with reverence to a specific node in the output layer, 

the qualified prominence of a node in the hidden layer is relative to the absolute 

value of the weight on its linking to the node in the output layer. When added 

than one node in the output layer is apprehensive, the Eq. (7) equation cannot be 

used to associate the significance of two nodes in the hidden layer. 

Wtj0k = 
J

j

jkwt
J 1

.
1

                                                (8) 

tpjk = 
J

j

jk

jk

wt
J

wt

1

.
1

= 
J

j

jk

jk

wt

wtJ

1

.
                                 (9) 

Hence, with regard to node k, each node in the hidden layer has a value superior 

or minor than one, dependent on whether it is more or less significant than the 

average, correspondingly. With respect to the same node, all the nodes in the 

hidden layer have a total importance such as Eq. (10), 

J

j

Jjktp
1

                                                            (10) 

Consequently, with respect to all nodes in the output layer, the overall 

importance of node j can be calculated as Eq. (11). 
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tpj= 
K

j

jktp
K 1

.
1

                                                      (11) 

Analogous to Eq. (11), with reverence to node j in the hidden layer, the 

normalized significance of node j in the input layer can be defined as Eq. (12). 

Sgij= Inp

i

ij

ij

t

t

1

.
1

1
= 

I

i

ij

ij

t

tInp

1

.
                                      (12) 

With respect to the hidden layer, the whole prominence of node i is Eq. (13) 

Sgi= 
J

j

ijsg
J 1

.
1

                                      (13) 

Consistently, the whole prominence of input node i with reverence to output 

node k is given by Eq. (14). 

Sgtpi= j

J

j

ij tpsg
J

..
1

1

                                  (14) 

Particle Swarm Optimization Algorithm  

Elbert and Kennedy [20] developed a population based optimized approach 

known Particle swarm optimization (PSO) which greatly inspired by the social 

behavior of bird herding or fish schooling. PSO have many common features 

with evolutionary approaches namely genetic algorithm (GA). In PSO also 

starts with initialization of the population in a random manner and searches for 

optima by its generation updates. But PSO doesn’t have any evolution operators 

like GA only the potential solution which is termed as particles; they fly on the 

problem space by the following current best particles. Normally PSO inhibits 

the characteristic of bird flocking. In search space a single solution is treated as 

a bird and called it as particle. The fitness function is applied on each particle to 

find the fitness value for evaluating the potential ones based on the velocities 

which direct the particles flying position. In each and every iteration the 

particles are updated based on two major factor first one is the best solution 

termed as fitness achieved so far and referred as pbest. The second best value is 

the global best which is termed as gbest which was find out by the swarm 

optimizer so far by any particle in the population. When a particle is involved in 

a population as their topological neighbors, the best value is termed as local best 

or lbest. After determining these two best values the particles are updated with 

its velocity and position with the equation as follows  (a) and (b). 

vel[] = vel[] + con1 * random() * (pbest[] - present[]) + c2 * rand() * (gbest[] - 

present[]) (a) 
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present[] = persent[] + vel[] (b) 

vel[] is the particle velocity, persent[] is the current particle (solution). pbest[] 

and gbest[] are defined as stated before. rand () is a random number between 

(0,1). c1, c2 are learning factors. usually c1 = c2 = 2.  

The pseudo code of the Particle Swarm Optimization is as follows 

For every particle 

Initialize particle in population 

Endfor 

Do 

For every particle 

Compute fitness value of each particle 

If the fitness value of the particle is improved than the best fitness value 

(pBest) in past 

Setpresent value as the new pBest 

End 

Select the particle with the best fitness value of all the particles as the gBest 

For every particle 

Compute particle velocity using the equation (a) 

Update particle position using equation (b) 

End  

Though maximum iterations or minimum error criteria is not reached 

Particles' velocities on every aspect are fixed to a maximum velocity Velmax. If 

the sum of accelerations, would reason the velocity on that aspect to exceed 

Velmax, which is a factor stated by the user. Then the velocity on that dimension 

is limited to Vmax. 

Neuro-PSO based Student’s Performance Based Prediction Approach 

In this section the proposed Neuro-Particle Swarm Optimization 

(NPSO)algorithm is conversed in detail for predicting the students Performance. 

When the PSO algorithm was hosted into a Artificial Neural Network to 

enhance its initial weights and thresholds, is well matched for addressing certain 

of the shortage striggered by the uncertainty of the initial weights and thresholds 

of artificial neural networks.  
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Figure 3:  Workflow the proposed Neuro-PSO based Students Academic 

Performance Analysis 

This proposed work starts with collection of dataset of the students from the 

Karpagam University, B.Sc Information Technology Department Students of 

the year 2015 to 2018. The data initially collected was a raw dataset so that it is 

undergoes preprocessing to improve its data quality which contributes while 

applying the pattern discovery process. Next process is the dataset is clustered 

into different group based on the similarity of performance on academics. It is 

done using the fuzzy k-Medoids. This functioning is explained in the previous 

work itself. From the clustered dataset interesting rules are discovered with the 

help of Neuro-PSO based prediction model for classification of the students and 

predicting their performance in next semester. In this the traditional neural 

network with back propagation model the weights are assigned in trail and error 

manner which often takes more time and the error rate increases tremendously 

to overcome this problem the proposed work modified the ANN with the help 

of particle swarm optimization in selection of weights assigned to each node 

depending on the final output of the node. From the obtained knowledge of the 

network model the PSO updates the nodes weight to increase the performance 

of the whole network model.  

This section describe how the proposed PSO assist neural network to assign the 

weights on nodes of the hidden layer and the output layer. Here each swarm or 

particle is assigned to each neuron or node in the ann. Each neurons assigned 

swarm started learning and understanding about the weights associated with that 

corresponding node. The connected neurons of the concern swarms will 

frequently communicate with each other. In our approach not all the particle is 

evaluated as in global network. In this each particle has their own perusal neural 

network and the weights understand by every swarm are communicated to their 

neighboring swarms pnn’s with the means of episodic communication 

mechanism. For the reason that this algorithm does not need a global network to 
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be pooled amid the swarms, and confines the credit consignment process, the 

learning procedure can be entirely circulated.  

Pseudo code for Neuro-PSO 

Set a neural network NW 

For every neuron, n  NW do 

Let s be the swarm connected with neuron n 

s:pnn  = NW 

end 

repeat 

for j= 0 to iteration do 

for every swarm sw do 

for each particle, pl sw do 

Calculate particle fitness fit(pl) 

if fit(pl) is greater than pl’s personal best fitness then 

Update pl’s personal best position and fitness 

end if 

if fit(pl) is greater than the global best fitness then 

Update global best position and fitness for sw 

end if 

Update pl’s velocity vel and position pos 

end for 

end for 

end for 

for each neuron, n Nw do 

Let sw be the swarm associated with neuron n 

Let wt be the input weights of n in the sw:pnn 
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Set wt to the object parameters of the best particle in sw 

end for 

for each edge, ed Nw do 

Let ni and nj be the neurons that are connected by ed 

Let si and swj be the swarms associated with ni and nj 

ShareWeights(swi, swj ) 

end for 

untilend measure is encountered 

Let Fnw be the final network. 

for each swarm sw do 

Let pg be the best particle in sw 

Insert the weights learned by pg into Fnw 

end for 

The pseudocode in Algorithm 2 starts by initializing the neural network. And 

this configuration is set to each swarm in the population. By setting different 

configuration to each swarm it may takes more time. Once the configuration 

process is over then the procedure for learning is started. Then running iteration 

process for evaluation and update is taken place for each swarm in this the 

variable iteration is modifiable parameter. Each swarm calculates the fitness of 

each particle by defining the weights of the swarms associated neurons inside 

the pnn to the parameters of the object particles and determines the network 

error. On one occasion iterations of the PSO process have been run for every 

swarm, the swarms analogous to associated neurons converse via the Share 

Weights function Procedure. To share weights, every swarm preserves path of a 

variable ƥ w for each weight w. These variables specify how present each 

weight in the swarm’s personal network is. A larger value of ƥ w specifies that 

its value was knowledgeable more freshly whereas a smaller value for ƥ w 

specifies that the weight was educated less recently. 

Procedure for the Share Weights Function 

Let swi and swj be the two swarms which share weights 

Let pnni and pnnj be the personal neural networks of swiand swj 

correspondingly 
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for each weight w in the artificial neural network do 

ifswi.ƥ w>swj .ƥ w then 

Insert pnni’s value for w into pnnj 

Increaseswj .ƥ w 

end if 

ifswj .ƥ w>swi.ƥ w then 

Insert pnnj ’s value for w into pnni 

Increment swi.ƥ w 

end if 

end for 

A significance of zero for ƥ w specifies that no learning or sharing was taken 

place to change this weight in the swarm’s pnn, while a value of limitlessness 

specifies that the weight has been educated by the PSO.  

Initially weight values are set to zero other than the weights educated by that 

swarm. Values for ƥ w are set to endlessness for all weights that the swarm is to 

learn. Algorithm share weight function permits swarms to share weights that 

have been learned through whichever the PSO algorithm or through the sharing 

process with the swarms to which they are associated.  

Also, the sharing process causes weights learned through the PSO algorithm to 

drop over the network of swarms as the sharing happens. 

4. Dataset Description 

The data set used is obtained from B.Sc IT department of Information 

Technology 2014 to 2017 batch, Karpagam University, Coimbatore. Totally 58 

students records are collected and preprocessed to convert it into a meaningful 

data. The collected attribute details are as follows: 

sl. no, register number, name (as per sslc or hsc) , date of birth, parent name 

(father), parent name (mother), parent mobile (father), parent mobile (mother), 

student mobile, address (complete permanent address), native state, hostler or 

dayscholar, email, 10
th

%, school (complete address), board, year of passing in 

10
th

, maths in 12
th

, 12
th

%, school (complete address), board, year of passing in 

12
th

, degree, branch, sem 1, sem 2, sem 3, sem 4, cgpa upto 3rd sem, aggregate 

percentage, total no of arrears, no of arrears cleared, current standing arrears, 

break in study (yes / no) - if yes mention number of years, training  attended. 
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Calculation 

Grade Point Average (GPA) = 
n

i
iC

n

i
iGPiC

1

1  

CGPA= 

Where, 

Ci = credit fixed per course ‘i’ in any semester 

GPi = Grade point obtained for the course ‘i’ in any semester 

‘n’ = no.of courses 

Table 1: Description of the Dataset 
Fields Field Description   Field possible values 

AGE Age of the student Numeric (Calculated from date of birth) 

BRD Board of Studies Alphabet 

ESP End Semester Performance 91-100 (Outstanding) / O 

81-90 (Excellent)/A+ 

71-80 (very Good) A 

66-70 (Good) B+ 

61-65 (Above Average) B 

55-60 (Average) C 

50-54 (Pass) P 

<50 (Reappearance) RP 

-  (Absent) AB/AAA 

CC Co-curricular Activities/ 

Extracurricular Activities 

Paper presentation, technical events, quiz, debugging / Sports, 

Nss, Ncc 

HS/DS Hostler/Day scholar {hostler, day scholar} 

ATT Attendance <75 = 0 (poor) 

75-80 = 2 (Average) 

81-85 = 3 (Average) 

86-90 =4 (Good) 

91-100 =5 (Good) 

AP Aggregate Percentage In percentage 

CSA Current Standing Arrears Numeric 

CGPA Cumulative Grade Point Average Numeric 

GRD Grade {O, A+, A,B+,B,C,P,RP,AA} 

PRF Overall Performance result {Outstanding, Excellent, Very Good, Good, Above Average, 

Average, Pass, Reappearance, Absent} 

Worked Out Example 

Step 1: 

Initialize the input and network architecture 
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Step 2: To all nodes assign weights. Based on the distribution of Gaussian the 

weights are randomly selected because in the initial time forwarding 

propagation is followed. Normally the initial weights lies between 0 and 1. 

Step 3: In the hidden layer to attain the first value sum the product of the inputs 

with their consistent set of weights. The weights are deliberated as measures of 

impact the input nodes have on the output nodes. 

1 * 0.4 + 1 * 0.9 = 1.3 

1 * 0.8 + 1 * 0.2 = 1.0 

1 

1 
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1 * 0.5 + 1 * 0.3 = 0.8 

Place these sums in the circle are the upper end, because they’re not the final 

value as exposed in the figure 

 

Step 4: In the obtained hidden layers sum apply the activation function to get 

final value. The determination of the activation function is to convert the input 

signal into an output signal and is essential for neural networks to model 

difficult non-linear forms that modest models might slip. In this proposed work 

S shaped sigmoid function is used for activation. 

S(1.3) = 0.78583498304 

S(1.0) = 0.73105857863 

S(0.8) = 0.68997448112 

Add the results of activation function to artificial neural network as hidden layer 

outcomes: 
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Step 5: Then, sum the product of the hidden layer results with the second set of 

weights to regulate the output sum. 

 0.79 * 0.5 + 0.73 * 0.3 + 0.69 * 0.9 = 1.235 

Lastly put on the activation function to get the concluding output result. 

S(1.2) = 0.775 

5. Experimental Result and Discussion 

The network topology of neuron networks 

In this study, the BP neuron network has three layers including one hidden-

layer. The neural networks models are trained with 11 neurons as input data 

while 6 neurons for the hidden layer, and 1 neuron for output layer. The neuron 

transferring function in hidden-layer is sigmoid function in matlab represented 

as tansig, and that in output-layer is purely linear is represented as purelin. And 

the training function is traingdm. The training error precision is 0.0001. 

Measures used to analyze the performance of proposed Neuro PSO 
based student performance classification 

Numerous methods have been recommended to analyse the correctness of 

forecast of a model. All these measures are duly related to the predicted value 
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and the actual value of the system. The actual and predicted values of the 

proposed model is implemented using matlab code.  

The Evaluation metric used in this work are described below:  

Magnitude of Relative Error (MRE): It is calculated finding difference among 

the actual and predicted value divided by the actual value as given in [19]. The 

formula for this measure is:  

MRE = 
eActualvalu

aluepredictedveActualvalu
 

 Mean Magnitude of Relative Error (MMRE): MMRE is the mean of 

MRE in [20]. The formula for this measure is:  

MMRE =
N

I

IMRE
1  

To assess the presentation of the proposed algorithm the data was separated into 

training and testing datasets using a 5 x 2 cross-validation process. The 

trialswere recurrent using several swarm sizes. The diverse swarmsizes used 

was 2, 3, 5, 7, 10, 13, 15, 17, 20. 

Table 2: Magnitude of Relative Error for Different Particle Swarm Size in 

student’s performance classification 
Swarm Size 

Method 2 5 7 10 13 15 17 20 

Neuro-PSO 3.0670 2.0725 2.0163 1.9757 1.8048 1.6183 1.4365 1.0142 

ANN 3.9675 3.2041 3.0176 2.8979 2.7736 2.6642 2.3592 2.0521 

Naïve Bayes 4.2041 3.9065 3.4062 3.0372 2.9857 2.7210 2.5677 2.2287 

Decision table 4.3910 4.1066 3.9452 3.5024 3.2095 2.9841 2.7529 2.5398 

From the table 2 it is observed that the MRE value of the proposed neuro-pso 

based student performance classifier model holds less error rate while 

comparing the other three classifiers namely Artificial neural networks, Naïve 

Bayes and Decision table. This is because they are fails to overcome the 

problem of optimization. The proposed method uses the swarm intelligence for 

choosing weight for each node to produce the better result so that the error rate 

is considerably reduced.  

Table 3: Mean Magnitude of Relative Error for Different Particle Swarm Size in 

student’s performance classification 
Swarm Size 

Method 2 5 7 10 13 15 17 20 

Neuro-PSO 0.1104 0.0985 0.0298 0.0657 0.0348 0.0398 0.0289 0.0220 

ANN 0.1857 0.1641 0.1211 0.1079 0.0924 0.0884 0.0897 0.0627 

Naïve Bayes 0.1424 0.1065 0.0592 0.0757 0.0474 0.0461 0.0366 0.0284 

Decision table 0.1187 0.1096 0.1251 0.0877 0.0832 0.0898 0.1038 0.0967 
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From the table 3 it is observed that the MMRE value of the proposed neuro-pso 

based student performance classifier model holds less mean magnitude relative 

error rate while comparing the other three classifiers namely Artificial neural 

networks, Naïve Bayes and Decision table.  The proposed method uses the 

swarm intelligence for choosing weight for each node to produce the better 

result so that the error rate is considerably reduced. The measure is based on the 

actual value of the student’s performance i.e grade obtained and with the 

predicted value which is produced by the classifier. The performance is done by 

finding the mean value of the MRE so that it reflects in this outcome also that 

the proposed Neuro-PSO produces more accurate prediction and classification. 

Table 4: Classification Error for Different Particle Swarm Size in student’s 

performance classification 
Swarm 

Size 

Method 2 5 7 10 13 15 17 20 

Neuro-

PSO 

0.2544 0.1437 0.0657 0.0823 0.0481 0.0423 0.0232 0.0198 

ANN 0.4584  0.1308 0.0931 0.0619 0.0545 0.0504 0.0492 0.0315 

Naïve 

Bayes 

0.5125  0.2583 0.0815 0.0784 0.0603 0.0498 0.0360 0.0350 

Decision 

table 

0.3249  0.2293 0.1542 0.0812 0.1407 0.0599 0.0542 0.0719 

The table 4 shows the classification error of each of the four models and it is 

observed that the more accurate classification of the performance of the students 

is done by the proposed Neuro-PSO model because this work enhances its 

optimization globally. 

6. Conclusion 

In this paper a prediction model based on the two evolutionary approaches was 

integrated to contribute in the field of education data mining. The students 

performance is first learned in the training phase with the instances and its class 

labels. During this phase the ANN model is trained by adjusting its initial 

random weights assigned to each nodes in the hidden layer to compute the 

appropriate output. After the initial setup the weights are modified with the help 

of the particle swarm where each swarm is assigned with each node of the 

ANN. With the characteristics and the functions of the PSO it started finding the 

best weight values with the dependence of its fitness value the best among them 

has chosen and assigned. With support to the simulation result it is concluded 

that the proposed Neuro-PSO contributes more accurate result than the other 

approaches used for comparsion. 
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