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ABSTRACT

Failure trend in object-oriented programming courses is mostly on the increase side, student’s
performance i other courses are most times better than in programming courses. One of the ways to
mmprove the student performance 1s for the instructors to identify the group of students who might not
perform well at the later stage of learning. From there the instructor can focus on the students in order
to help them to improve their performance. Thus, in this case making the prediction of student
performance a major step in identifying the potential students that needs further help such as extra
classes or special tutorials and assignments. Therefore, the need for performance prediction in
programming courses becomes imperative. The study will use neuro-fuzzy model to evaluate the
current performance of students and then predict the students’ performances in subsequent object
orlented programming courses.

Keywords: Object-oriented, student performance, programming courses, fuzzy-inference &
ANTFIS, model
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1. INTRODUCTION

The high failure rates iIn many programming courses means there is need to identify struggling
students as early as possible. To achieve this, predicting future student performance in programming
courses becomes more important. Predicting a student’s performance in programming courses has
been a well-studied problem, and over the past fifty years, various predictors have been proposed.
Farly work mainly used standardized aptitude tests to predict performance [2].

As programming became more widespread, researchers began to explore a greater range of cognitive,
psychological, and demographic predictors. Researchers over the past two decades extended prior
work by exploring similar factors and the predictive potential of new innovations in pedagogy. Most
times, the major factor that do influence student failure in programming courses is the performance,
character and attitude of teachers or lecturers that do take students in first years programming course
or elementary programming courses or that of student.

However, a limitation of studies to date 1s their tendency to use lengthy tests that often yield
mconsistent results. Given potentially high enrolment numbers, the use of tests to gather predictive
data can take a considerable amount of time for an mstructor to process. Even if a test was indicative
of performance, by the time it was processed, it may be too late for students to withdraw, or for
mstructors to intervene to prevent students from failing. Object-Oriented Programming (OOP) is a
programming language model organized around objects rather than "actions" and data rather than
logic. Historically, a program has been viewed as a logical procedure that takes mput data, processes it,
and produces output data. It 1s a programming paradigm that based on the concept of "objects', which
may contain data, in the form of fields, often known as attributes; and code, in the form of procedures,
olten known as methods.

There are many Object-Oriented Programming Languages, e.g. Java, C++, C#, Python, PHP, Ruby,
Perl, Delphi, Objective-C, Swift, Common Lisp, and Smalltalk etc. Object-Oriented Programming has
many outstanding features. Some of which are:

Object: Object is a collection of number of entities. Objects take up space in the memory. Objects are
mstances of classes. When a program 1s executed, the objects interact by sending messages to one
another. Each object contains data and code to manipulate the data. Objects can interact without
having known details of each other’s data or code.

Class: Class is a collection of objects of similar type. Objects are variables of the type class. Once a
class has been defined, we can create any number of objects belonging to that class, e.g. grapes
bananas and orange are the member of class fruit.

Data Abstraction and Encapsulation: Combining data and functions into a single unit called class and
the process 1s known as Encapsulation. Data encapsulation 1s important feature of a class. Class
contains both data and functions. Data 1s not accessible from the outside world and only those
function which are present in the class can access the data. The insulation of the data from direct
access by the program is called data hiding or information hiding. Hiding the complexity of program is
called Abstraction and only essential features are represented. In short we can say that internal working
1s hidden.

Dynamic Binding: Refers to linking of function call with function definition 1s called binding and when
it 1s take place at run time called dynamic binding.

Message Passing: The process by which one object can interact with other object 1s called message
passing.
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Inheritance: it 1s the process by which object of one class acquire the properties or features of objects
of another class. The concept of inheritance provide the idea of reusability means we can add
additional features to an existing class without modifying it. This 1s possible by driving a new class from
the existing one. The new class will have the combined features of both the classes.

Polymorphism: A Greek term means ability to take more than one form. An operation may exhibit
different behaviours in different instances. The behaviour depends upon the types of data used in the
operation.

Example: Operator Overloading, Function Overloading.

Object-oriented programming (OOP) is one of the core courses in computer science and technology,
which 1s also one of the most important specialty courses for science and engineering university
students [3][4].

Mohd et al [10] in his study “Predicting Student Performance in Object Oriented Programming using
Decision Tree: A Case study of KTPM, Kuantan”. Identify and implement the most accurate
algorithm, and the most relevant rules were identified from the model.

Due to the unique nature of the different available object-oriented languages, many of which are
deployed in the academic setting for teaching, it 1s very imperative to study the trend of students’
performance in subsequent object-oriented consequences in other to further critically examined the
indices of students’ performance. To this end, this study will apply Adaptive Neuro-Fuzzy approach in
assessing and predicting trends of students’ performance in object-oriented programming courses. The
mapping then provides a basis from which decisions can be made, or patterns discerned.

2. BACKGROUND

Fuzzy Logic is a technique that facilitates the control of a complicated system without knowledge of its
mathematical description. Fuzzy logic differs from classical logic in that statements are no longer black
or white, true or false, on or off. In traditional logic an object takes on a value of either zero or one. In
fuzzy logic, a statement can assume any real value between 0 and 1, representing the degree to which
an element belongs to a given set. Fuzzy system handles imprecise and uncertain information using the
theory of fuzzy sets, (Han et al, 2006). The output of a fuzzy system 1s represented by an output fuzzy
set. Fuzzy inference 1s the process of formulating the mapping from a given mput to an output using
fuzzy logic. The mapping then provides a basis from which decisions can be made.

Knowledge base
@atabasa [r'ure ba SED
Fuzzification Defuzzification
Input Interface Interface Output
(Crisp) (Crisp)

&{ decision-making unit }&

Fig. 1: Fig 1: Fuzzy Inference System Architecture
Source: Kamyar, 2008
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There are two major types of the Fuzzy models. The Takagi-Sugeno Fuzzy Model and the Mamdani
Fuzzy Model.

Takagi-Sugeno Fuzzy Model: This fuzzy model proposed by Takagi and Sugeno [18] is described by
fuzzy IF-THEN rules which represents local input-output relations of a nonlinear system. The main
feature of a Takagi-Sugeno fuzzy model is to express the local dynamics of each fuzzy implication
(rule) by a linear system model. The overall fuzzy model of the system 1s achieved by fuzzy “blending”
of the linear system models. In this tutorial, the reader will find, by some examples, that almost all
nonlinear dynamical systems can be represented by Takagi-Sugeno fuzzy models to high degree of
precision (Kamyar, 2008). In fact, it 1s proved that Takagi-Sugeno fuzzy models are universal
approximators of any smooth nonlinear system [4].

Mamdani Fuzzy Model: 1s widely known and used in developing fuzzy models. It consists of rules of
the form "IF (X1 1s A1) AND (X2 1s B1) AND (X3 1s C1) THEN Y 1s F ", where X1, X2, and X3 are
mputs, Y 1s output, then Al, B1, C1, and F are linguistic terms with MFs Triangular, Trapezoidal, and
Gaussian. That represents the premise and consequent parts of the rule base. The implication is
applied for each rule, generally min operator representing the (AND) and (OR) logic is used for
implication. Aggregation is used to unify the output of all the rules resulting in a single fuzzy set [16].
The aggregated output function is defuzzified in a single crisp number using a defuzzification method

[51).

A neural network is a powerful computational data model that is able to capture and represent
complex mput/output relationships. The motivation for the development of neural network
technology stemmed from the desire to develop an artificial system that could perform "intelligent
tasks similar to those performed by the human brain [19]. Neural networks resemble the human brain
mn the following two ways:
1. A neural network acquires knowledge through learning.
2. A neural network's knowledge 1s stored within inter-neuron connection strengths known as
synaptic weights.

The true power and advantage of neural networks lies in their ability to represent both linear and non-
linear relationships and in their ability to learn these relationships directly from the data being
modelled. Traditional linear models are simply madequate when it comes to modelling data that
contains non-linear characteristics [15]. An Artificial Neural Network (ANN) is an information
processing paradigm that is inspired by the way biological nervous systems, such as the brain, process
information [11]. The key element of this paradigm is the novel structure of the information
processing system. It 1s composed of a large number of highly interconnected processing elements
(neurons) working i unison to solve specific problems. ANNs, like people, learn by example. An
ANN is configured for a specific application, such as pattern recognition or data classification, through
a learning process [15].

A neural network model 1s a structure that can be adjusted to produce a mapping from a given set of
data to features of or relationships among the data. The model 1s adjusted, or trained, using a
collection of data from a given source as mput, typically referred to as the training set. After successful
training, the neural network will be able to perform classification, estimation, prediction, or simulation
on new data from the same or similar sources.
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Figure 2: Neural Network Architecture
Source: texample.net

2. THE SYNERGY

Since the moment that fuzzy systems become popular in industrial application, the community
perceived that the development of a fuzzy system with good performance is not an easy task [8]. The
problem of finding membership functions and appropriate rules is frequently a tiring process of
attempt and error. This lead to the idea of applying learning algorithms to the fuzzy systems. The
neural networks, that have efficient learning algorithms, had been presented as an alternative to
automate or to support the development of tuning fuzzy systems.

Neural networks and fuzzy systems can be combined to join its advantages and to cure its individual
illness. Neural networks introduce its computational characteristics of learning in the fuzzy systems and
recewve from them the interpretation and clarity of systems representation. Thus, the disadvantages of
the fuzzy systems are compensated by the capacities of the neural networks. These techniques are
complementary, which justifies its use together [9].

In general, all the combinations of techniques based on neural networks and fuzzy logic can be called
neuro-fuzzy systems. According to Nauk [12], the different combinations of these techniques can be
divided, ito the following classes:

Cooperative Neuro-Fuzzy System: In the cooperative systems there is a pre-processing phase where
the neural networks mechanisms of learning determine some sub-blocks of the fuzzy system. For
instance, the fuzzy sets and/or fuzzy rules, that is, fuzzy associative memories or the use of clustering
algorithms to determine the rules and fuzzy sets position [3]. After the fuzzy sub-blocks are calculated
the neural network learning methods are taken away, executing only the fuzzy system [9].
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Figure 2: The Cooperative NF System
Source: Jose, V. et al [8]

Concurrent Neuro-Fuzzy System: In the concurrent systems the neural network and the fuzzy system
work continuously together. In general, the neural networks pre-processes the mputs (or post-
processes the outputs) of the fuzzy system.

MEURAL

FUZLY NETWORK #
SYSTEM / NEURAL * Auzz?
N

ETWORK EYSTEM

Figure 3: The Concurrent NF System
Source: Jose, V. et al [8]

Hybrid Neuro-Fuzzy System: In this category, a neural network is used to learn some parameters of
the fuzzy system (parameters of the fuzzy sets, fuzzy rules and weights of the rules) of a fuzzy system in
an iterative way. The majority of the researchers uses the neuro-fuzzy term to refer only hybrid neuro-
fuzzy system.

control

determine
error

Hybrid Fuzzy
Neural Network

Figure 3: The Hybrid NF System
Source: Scholarpedia.com
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While fuzzy logic provides an inference mechanism under cognitive uncertainty, computational neural
networks offer exciting advantages, such as learning, adaptation, fault tolerance, parallelism and
generalization [13].

Fuzzy > Neural Decisions
Interface Perception as Network
neural inputs
(Neural
outputs)
Linguistic y -

statements carming
algorithm

Figure 4: The Neuro-Fuzzy System Model
Source: Robert [13]

2.1 Research Problem

Many researchers have shown that, the rate at which students fail in Object Oriented Programming
Course 1s high, as a result, it has become imperative to come up with model for predicting student
performance. Predicting a student’s performance in programming courses has been a well-studied
problem. Different researchers have use different methodology and techniques but accuracy plays an
important role to prove the best predictive method. Therefore, this study will use Neuro-Fuzzy model
to predict student performance in Object Oriented Programming courses [6] [7]

2.1 Research Goal

This study will aim to design models and find a suitable methodology to predict the performance of
students in object-oriented programming courses. The students’ performance trend in programming
courses will be analyzed using existing students results in object-oriented courses as data. The
assessment will be used to forecast their likely future performance in object-oriented programming
courses.

3. RESEARCH METHODOLOGY
The outlined procedures were taken in order to meet up with the goal of this study:

s Step 1: Extensive literature search were made to ascertain level and trend of related work
done on the subject matter

& Step 2: Data collection of students score (in MS-Excel format) in some selected objected

oriented programming courses (CSC212 - C++, 2013/2014 Academic Session; and CSC305

- Java, 2014/2015 Academic Session; with a total of Ninety-Two (92) Students) from the

Department of Computer Science, Faculty of Science, Adekunle Ajasin University, Akungba-

Akoko. The data were filtered to contain only regular students (MAJOR & EDU).

Step 3: Analysing the collated data using Neuro-Fuzzy Model in MATLAB

Step 4: Interpretation of the results of the data analysed.

X3

¢

R/
0.0
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4. DESIGN MODEL

4.1 System Architecture

A system architecture or systems architecture 1s the conceptual model that defines the structure,
behaviour, and more views of a system. An architecture description is a formal description and
representation of a system, organized in a way that supports reasoning about the structures and
behaviours of the system. Systems architecture provides a framework for designing changeable systems
even when these systems do not span the entire enterprise [17]. The need for systems to evolve over
time and the requirement for ongoing enhancements and maintenance create growing complexity in
information systems. A good systems architecture provides a framework for change, and change 1s one
of the few constants in today’s software business [1].

input inputmf rule outputmf output

Logical Operations
and

] or

not

Figure 5: System Architecture
Source: Author

5. IMPLEMENTATION

The study made use of two variables for the mput, OOP1performance (C++) and OOP2Zperformance
(Java); while PredictPerformance represents the output variable. Their specifications and data were
coded mto MATLAB for the experimentation. For efficiency and suitability purposes, TSK FIS type
was applied (Figure 6). The input variables have three input linguistic variables LowPerformance
(0,0.25,0.50), FairPerformance (0.25,0.50,0.75) and HighPerformance (0.50,0.75,1.0) (Figures 7-8),
while the output variable has two variables as its output linguistic, namely LikelyPerformPoorly
(0,0.25,0.50), and LikelyPerformWell (0.5,0.75,1) (Figure 9).
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Having two (2) input variables and three (3) linguistic values, we derived 3° rules (9 rules), generated

thus:
If OOP1performance 1s LowPerformance AND OOPZ2performance is LowPerformance
Then PredictPerformance is LikelyPerformPoorly
If OOP1performance 1s LowPerformance AND OOPZperformance 1s FairPerformance
Then PredictPerformance is LikelyPerformPoorly
If OOP1performance 1s LowPerformance AND OOPZperformance 1s HighPerformance
Then PredictPerformance 1s LikelyPerformWell
If OOP1performance 1s FairPerformance AND OOP2performance 1s LowPerformance
Then PredictPerformance 1s LikelyPerformPoorly
If OOP1performance 1s FairPerformance AND OOP2performance 1s FairPerformance
Then PredictPerformance 1s LikelyPerformWell
If OOP1performance 1s FairPerformance AND OOP2performance 1s HighPerformance
Then PredictPerformance is LikelyPerformWell
If OOP1performance 1s HighPerformance AND OOP2performance i1s LowPerformance
Then PredictPerformance is LikelyPerformPoorly
If OOP1performance 1s HighPerformance AND OOP2performance is FairPerformance
Then PredictPerformance 1s LikelyPerformWell
If OOP1performance 1s HighPerformance AND OOP2performance 1s HighPerformance
Then PredictPerformance 1s LikelyPerformWell
FIS Editor: StudPerformanceEvaluation - b Membership Function Editor: StudPerformanceEvaluation = @
File Edit View File Edit View
FIS Variables Membership function plots  Plot points: 181
XX u LowPerformance FairPerformance HighPerformance
00Pperformance ShpaPerformancetvalatpn - JP1perfBraiotierformance
(sugenc)
DPzperformance
ﬁ PredictPerformance
00PZperformance o : - : : ¥ ‘ . ‘ ‘
FIS Name: FIS Type sugeno ‘ 001 12 03 04 05 06 07 08 0
ShuiBerfammanceFus] input variable "00P1 performance
And method prod « || Current Variable Current Variable Current Membership Function (click on WF to select)
Or metnod probor v = 00Pperformance Name 0OPtperformence || Name LowPerformance
implcaon i W s Type input 2 trm v
— . Range 01 e o Params [00.2505]
Defuzzification waver v ‘ Help Close |‘ Display Range 01 Heip Close “
Ready ‘ Selected variable "00P1performance” ‘

Figure 6: Variables Specifications
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Membership function piots  Plot points: 131

Pt i erfirediotRerformance

LikelyPerformiell

] LikelyPerformPoorly
JP2performance OFZperformance
L= 7 1 1 =
0 0 02 03 04 05 06 07 08 08 o .
ot varabs 00 perfomance’ output variable “PredictPerformance’
Current Variable Current Wembership Funcion (cick on HF o select) Current Variable Current Membership Function (click on MF to select)
Name 00R2performance | | ame FairPerformance Name PredictPerformance || Mame LikelyPerfomPoorly
. Type -
Type input trimt M Type autput Type linear v
- = (1250507 Params 002505
0] Range 1] —
Display Range 01 ‘ Help Chse ‘ ‘ Digplay Range Hep Close
SEEE T O T ‘ Selected variable "PredictPerformance”

Fig 8: Input Membership Specification

Fig 9: Output Membership Specification

(OOP2Performance) (PredictPerformance)

Some of the ANFIS outputs are as shown in the Figures 10-13 below

- =l

View  Options File Edit

Rule Viewer: StudPerformanceEvaluation Surface Viewer. StudPerformanceEvaluation = B

File  Edit View  Options

00P1performance = 0.5 00PR2performance = 0.5

PredictPerformance = 1.63

w | | | |
s | | |
=

‘| | | |
‘| | | 1]
5 | | | | |
7| ] 2 | [ |
g ‘ ‘ | | | QOPZperformance L] QOPIperformance
| | | |

0 1 0 1 HT) 0OP1perfor... ¥ ¥ (input}: OO0PZperfor... ¥ Z (output) PredictPerfo... v

0.325 2425 o 15 Veits 15 Evaluale

nput:  1g.5:0 5] Hleumms i Move: EMMM‘ Ref. Input: HPmpnint&: 101 H Help Close ‘
Ready ‘ ‘ Help Close ‘ Ready ‘

Figure 10: Result Data Figure 11: Output Chart
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Anfis Editor: StudPerformanceEvaluation = 8 Surface Viewer: StudPerformanceEvaluation = ©
File Edit View File Edit View Options
%10 Testing data: . FIS output : * — ANFEf.  —
1.35
#ofinput: 2
13 hnid had # of outputs: 1
- #ofinput mfs:
E 53
E
o i
5
=]
Structure
Clear Plot
Index —
Load data Generate FIS Train FIS [ Testfls
Type: From Optim. Hethod:
-@-Trmmng '?'Lnad from file hybrid v Plnt agilwrlst
':'Testing () file ':'Lnadfmrnwnrksp. Error Tolerance: [_) Training data X (input): inputt oY (input input2 + Z (output): o v
- i _ |} Grid partition ! Testing data
() Checking (@) worksp. - Epochs: X grids: 15 Y grids: 15 Evaluate
- () Sub. clustering 3 |_! Checking data - - SR
() Demo
Load Data... \ Clear Data L8 | Train Now Test Now ‘ Ref. nput: HPIDt points: |10¢ H Help Cloge ‘
Ready ‘ ‘ Help Close ‘ Ready ‘
Figure 12: Result Output - Training and Testing Data Figure 13: Output Surface Chart

6. DISCUSSION AND CONCLUSION

The result of the finding shows slight correlations in the students’ performances in the two object-
oriented programming courses. This implies that the level of performances in the two will likely be re-
produced i subsequent object-oriented programming courses. We intend fortifying this work by
working more on the data used and adopt stricter training method.
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