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Abstract: In this paper, a robust and cost-effective model for predicting students’ performance in tertiary
education programmes of a prototype developing economy was developed. The factors influencing the
performance of students in programming related courses were investigated. Statistical approaches such as
frequencies, mean, standard deviation, correlation and multiple regression were used for demographic and
descriptive analysis. Thorough analysis of the obtained dataset showed that major factors affecting the
performance of students in programming courses are erratic power supply, bad university facilities, student
health and students’ attendance. The developed predictive model will assist University stakeholders, managers
and students in cost-effective and robust decision making that could facilitate improved student performance

in programming courses in a prototype developing economy.
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INTRODUCTION

Student performance indicates the learning outcome
of a student relative to the examination(s) taken with
regards to a predefined finite set of subjects, registered as
the case may be, after a teaching/learning process has
taken place [1]. Student performance has been defined in
different ways by different set of individuals, institutions
and organizations over the years but all centered on
evaluation based on acceptable standards, the capabilities
of students relative to examinations, tests, quizzes or their
assertiveness and participation in class activities. Student
performance has also been found to be influenced by
several human and non-human factors [2, 3] and have
been a topic which has consistently been researched in
recent times [4].

The success rate of any educational institute or
organization may depend on the prior evaluation of
student’s performance. This prior evaluation can be used
in many different ways to direct the structuring of learning
processes to optimize effectiveness on student
performance [5]. Teachers and students alike have for
so long been unable to determine the effect that certain
factors have on academic performances but rather
anticipate good performances in the long run. This way,

it becomes impossible for student to quickly re-adjust and
retune performance demeaning factors surrounding them
or probably their responses to such surrounding factors.
Different methods have been used for student’s
performance evaluation and more than ever before,
information generated by evaluation can be helpful to
help students and tutors take timely, meaningful and
effective decisions.

Traditionally, results of students in various
assessments successfully completed often make up the
performance data which its analysis has been a tool for
prior evaluation of academic quality and performance
of students in educational institutions [6]. The author
emphasized that tutors should become proficient in
methods to improve on existing knowledge and make
appropriate scaffolding available through the revelation
of what the students already know and what should be
learnt. This information, if obtained at a defined level of
accuracy and timeliness would improve student’s
performance through the value of its feedback [7].

Programming is an expression or application of
creative skills and imaginations, which requires the
individuals’ ability to interpret challenges into solutions
[8]. Computer Science and Information Technology
students are often required to offer several programming
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courses as contained in their curriculum. One of the
main reasons that may be attributed to the decline in
number of undergraduates who offer computer science is
the perception that computing, especially programming
is not easy to accomplish [9]. Students in their early
years of studies are required to study programming.
This requirement often includes the knowledge of
programming tools and languages, problem-solving
skills and effective strategies for program design and
implementation [8].

However, computer programming is an inseparable
part of computer science and its related programmes in
education. It is an absolutely necessary and extremely
important skill that must be mastered by anyone intending
to study computer science [8]. As a matter of fact,
programming has become one of the most dreaded
courses in which many students fail, probably because it
demands a high level of abstraction and its languages
have very complex syntax and semantic structures [10].
Hence, it can be argued that the same set of students who
failed programming courses performed better in other
courses offered alongside programming courses [4].
Normally in teaching computer programming, students
are first introduced to algorithms, the concept of
programming, basic data structures and are taught on
how to effectively analyze problems, apply specific
techniques to illustrate the problem solution and validate
the solution. Computer programming courses are a part of
many universities’ curriculums and among the most
important subjects for computer science students as
well as information technology students. Computer
programming is often regarded to as one of the
fundamental part of Computer Science curriculum but
it is often quite problematic [10]. The failure rate in
programming courses at the University level suggests
that learning to program is a difficult task [4]. This
performance is strongly influenced by several social,
psychological, economic, environmental and personal
factors which vary across individuals, institutions and
countries [1].

The educational sector in developing countries
is however been faced by a series of multi-factored
challenges that contributes to the rapid fall in the
performance of students located within such developing
economy. Ogbogu [2] noted that challenges such as
poorly equipped departmental and central libraries,
overcrowded lecture rooms, method of collating and
accessing semester results, interruption of electricity
supply, poor access to internet facilities, incessant strike
and closure of school and poor accommodation facilities
which are pertinent to developing countries affect student
performance.

In this paper, factors influencing the performance of
students in programming courses being offered in Federal
University Oye Ekiti (FUOYE) were investigated. These
factors were then subjected to a series of analysis in a bid
to extract the factors that were extremely significant to the
performance of students in programming courses. The
identified significant factors were then employed in the
development of models which were later validated using
some samples of the response from the respondents.

Literature Review: Students’ performance assessment
has become a pressing issue that requires fair attention
from all regardless of differences in interest and intentions
[1, 11]. Students’ performance in recent times was noted
not only to have been the concern of educators and
academics alone, since corporations also have become
concerned. This is because the supply chain of graduates
for the labor market recognizes them (corporations), as the
end user. Chermahini [12] noted that students are different
based on their ability in learning, how they respond to
instructional practices, their motivational differences from
one individual to another and that the more students
understand the differences in their abilities, the better the
chances they have to meet their different learning needs
in order to achieve good scores in examinations.

Student performance is usually affected by the
students’ learning environment [13]. Unfortunately,
poor performances have ravaged the academic
institutions because of institutions’ failure to provide an
accommodating environment that is conducive to the
students’ educational and learning needs [2].

Related Works: Hijazi and Naqvi [14] considered five (5)
exogenous variables as predictors to the academic
performance of students (Y) which is an endogenous
variable. These factors includes; Attendance (ATT),
Study hours (SH), Family income (FI), Mother Age (MA)
and Mother’s education (ME). The developed model is
described as follows:

Y =-0.25313+1.026912ATT-0.00209SH
-5.8*1077FI-0.00453MA+0.012193ME

The evaluated R-square value for the model was 0.24,
which suggests that the five (5) factors considered
explains 24% influence on the performance of a student
while the remaining 76% influencing factors were
unaccounted for by the presented model. Furthermore the
model shows the study hours (SH) of the student as
negative contributor to their performance although the
authors believed a positive association would have been
much more appropriate. Upon carrying out a F-Statistic
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test to determine the overall strength of the model, a
highly significant value of 20.083 was obtained. This
implies that the model is valid and very significant in the
prediction of student performance.

Irfan and Shabana [ 1] explored four (4) predictors and
referred to them as important in the determination of the
academic performance of students. This factors include
learning facilities, communication, proper guidance and
family stress. As suggested by the duo, student
performance is a function of this factors and was further
explained by a theoretical framework described as follows:

Learning
facilities

R
.. %

Proper
Guidance

Communication

Fig. 1: Student Performance Theoretical Framework [1].

As noted by the authors, these factors had the
following correlation and 2-tailed significance value when
correlated with student performance. Communication had
avalue of 0.132 and 0.002, learning facilities had a value of
0.137 and 0.040, proper guidance had a value of 0.200 and
0.013 while family stress had a value of -0.020 and 0.809.
Furthermore, the regression model developed as deduced
from the presented table of coefficients, is described as
follows:

SP =2.514+0.204Cm+0.160LF+0.177Pg-0.132Fs

Where SP (student performance) is the dependent
variable and Cm (Communication), Lf (Learning facilities),
Pg (Proper guidance) and Fs (Family stress) are the
predictors. This model hence shows that communication
accounts for about 20%, learning facilities accounts for
about 16%, proper guidance accounts for about 17 %
positive variation in student performance while family
stress accounts for about 13% negative variation in
student performance.

Justin and Dmitry [5] constructed a model using five
(5) factors as the predictor of a student performance (SP)
in a study conducted in Tanzania. These factors include:
Lack of interest (LACKINT), Triviality and lack of practice
(TRILACK), Lack of drive and enthusiasm (LACKDRIV),
Perception and attitude (PERCATT) and Lack of qualified
teachers (LACKQUAL).

SP=20.18-1.31LACKINT+2.13TRILACK+0.37LACKDRIV
+ 0.97PERCATT-1.07LACKQUAL

Siti, Razifah and Nurhafizah [15] examined the
influence of family characteristics, self-efficacy and
university features in the academic performance of a
student. The duo noted, university features and family
characteristics were very significant to the study but self-
efficacy was regarded as insignificant owing to its P-value
of 0.891.

As deduced from the table of coefficients, the
multiple linear regression model presented by the author
is as follows:

SP =1.162+0.308UF-0.013SE+0.319FC

Where SP is the student performance which is the all
dependent on the variables UF (University Features), SE
(Self-Efficacy) and FC (Family Characteristics).

MATERIALS AND METHODS
Research Questions:

i. Does practicing with personal computer help
students perform better in programming courses?

ii. Do students who attend introductory programming
classes perform better than those who don’t?

iii. Do students who attempt their assignment by
themselves perform better in programming courses?

iv. Are students who have a strong background in
physics liable to perform better in programming
courses?

v. Are students who have a strong background in
mathematics liable to perform better in programming
courses?

vi. Do older students perform better at programming
than the younger ones?

vii. Do male students perform better in programming
courses than their female counterparts?

viii. Do students who offer programming courses as a
domicile department requirement perform better than
students who offered programming for rudimentary
knowledge purposes?

Research Hypothesis: The following hypothesis was
developed for the purpose of this study;

i.  Practicing with a personal computer is significantly
related to student performance in programming
courses.
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ii. There exist a significant relationship between
attending introductory classes and the academic
performance of students in programming courses.

iii. Attempting programming assignment personally is
significantly related to the performance of students
in programming courses.

iv. A good background in physics is significantly
related to the performance of students in
programming courses.

v. A good background in mathematics is significantly
related to student academic performance in
programming courses.

vi. There is a significant relationship between the age of
a student and performance in programming courses.

vii. There exists a significant relationship between
gender of a student and performance in programming
courses.

viii. Domicile department requirement is significantly
related to the performance of students in
programming courses.

Research Study Area: This study was conducted at
Federal University Oye-Ekiti, located at Aare-Afao Road,
Oye-Ekiti Local Government, Ekiti state, Nigeria. With a
coordinate representation of 7.7796°N and 5.3155°F.
An observation through the university community of
students who had offered programming courses at one
time or the other during their academic pursuit was carried
out. This was in a bid to isolate the factors that had
significant influence on the performance of students in
programming courses within that locality. This was done
by visiting the lecture theatres to observe the peculiarities
ascribed to students and lecturers at large.

Data Gathering, Representation and Coding: The primary
data used was gathered using a structured student
questionnaire. The questionnaire was made available both
in soft (e-questionnaire) and hard form (printed). The
e-questionnaire which was designed specifically for the
collection of data for this research contained exactly the
same question and metrics as its hardcopy equivalent and
was used to obtain the responses of respondents who
were not present at the institution due to their internship
program. Each questionnaire contains a total of 80
variables, all in seven sections.

The first and seventh section of the questionnaire
had six (6) and five (5) variables respectively and were
used for hypothesis testing, while the second section had
sixteen (16) variables, the third section had nineteen (19)
variables, the fifth section had thirteen (13) variables, the

sixth section had twelve (12) variables and the fourth
section had ten (10) variables. All the variables
represented on the questionnaire were aimed at
investigating factors that were intrinsic to the students,
lecturers, university environment and family among
others. The variables presented in sections two (2) to six
(6) are statements in a 5-points Likert scale ranging from
1 representing “strongly disagree” to 5 for “strongly
agree”. The respondents (students) were required to
respond to the questionnaire based on a programming
course that has being offered in the university. Simple
random sampling procedure was used to select
undergraduates that participated in the paper. The seven
(7) sections of the questionnaire were coded as follows:

Sections (2-6) of the questionnaire were coded as
presented in Table 1. The factor coding was determined
by the number of variables investigating a particular
factor. Factors being investigated by three variables were
coded as presented in Table 2 while factors that are
investigated using four variables were coded as presented
in Table 3. The respondent’s age from the Section 1 of the
questionnaire was collected using series of age range and
was coded as presented in Table 4. 1’s or 0’s were used in
the representation of variables that are either true or false,
yes or no, male or female and also in the representation of
departments. Such that students whose department offer
programming courses by default are represented by one
while others are represented by zero.

Table 1: Likert Scale for Variables Represented on the Questionnaire

Undecided

Strongly Agree
5 4 3 2 1

Agree Disagree  Strongly Disagree

Table 2: Likert Scale for Factors with three (3) Variables

Strongly Agree Agree  Undecided Disagree  Strongly Disagree

13-15 10-12 7-9 4-6 1-3

Table 3: Likert Scale for Factors with four (4) Variables

Strongly Agree
17-20

Agree
13-16

Undecided  Disagree
9-12 5-8 1-4

Strongly Disagree

Table 4: Likert Scale for Respondent’s Age Representation

Below 16 16— 19 20-25 26 -30 Above 30
1 2 3 4 5

Table 5: Likert Scale for Respondent’s Grade (Performance)

A B C D E F
1 2 3 4 5 6
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Factor Extraction: Twenty-One (21) factors were being
investigated by the questionnaire with a total of 81
variables. Each factor was coded based on the cumulative
of the variables designated to investigate it. These
various factors and their respective coding is described in
sections 3.4.1 — 3.4.21 where x,,X, ... X, are the variables
represented in the questionnaire as presented in
Appendix A.

Student Study Habit (SSH): This is the amount of the
student’s effective study in programming courses offered
relative to the frequency of revising and practice and
hours spent on revising the lecture notes. It was
investigated by three variables x,.,X,, X; and was coded as
presented in Table 2.

Student Fear and Perception (SF): This is the students’
fearful perception of programming courses. In this
case, a positive perception implies a reduction in fear
factor of the student. This was investigated by the
variables x,,Xs, X and coded as presented in Table 2.

Student Attendance (SATD): This is the level of effort,
seriousness and devotion of students towards learning to
program. Investigated by the variables x,, X, X, and coded
as presented in Table 2.

Student Attitude (SAT): This is the level of
responsiveness of a student relative to their interest,
behavior and seriousness to programming courses and
characterized by student’s participation in class activities,
assignment, willingness to learn and motivation from
friends, colleagues and lecturer(s). This was represented
by the variables x,, X}, X;» X3 and coded as presented in
Table 3.

Tutorials and Extra Classes (ST): These are the extra
effort put in place by students in other to have a clear
understanding of the subject matter(s) discussed
programming classes. This extra-classes
attended, assistance from friends and use of online
forums and materials. This factor was investigated
by the variables x,,, X5 X ,,and coded as presented in
Table 2.

includes

Lecturer Attitude (LAT): This is defined as the lecturers’
assertiveness, interest to explicitly expatiate on the
subject matter, ability to motivate the student and

relate with the student in a means to improve
their interest in the course. This was investigated by
variables X,;, X5, X9, X5, and was coded as presented in
Table 3.

Teaching Style (LTS): This is defined as the pattern
of teaching of the lecturer in charge (probably dishes
out voluminous handouts or excessive assignments).
Whether he carries the class along and helps the
student conceptualize the concept of that particular
programming course. This was investigated by variables
Xa1, X225 Xa3, Xo3 TESPectively and was coded as presented in
Table 3.

Communication Skills (LCS): This is the ability of
the lecturer to deliver the course content in a less
ambiguous manner and to the understanding of
the students. This entails the clarity and explicitness
of the lecturer. This was investigated by variables
Xas, Xogy X7 X3 TeSpectively and was coded as presented
in Table 3.

Lecturer Availability (LA): This is the presence and
accessibility of the lecturers” when they are needed by the
student(s). This factor was coded as presented in Table
2 and was investigated by the variables X,,, X, Xs;
respectively.

Lecturer Dedication (LD): This is the devotion of
the lectures to the programming courses they tutor.
This includes the assertiveness of the lecturers to
their duty and extra effort put in place to ensure an
excellent student performance. This factor was coded as
presented in Table 3 and was investigated by the
variables X, X33, X34, X535 T€spectively.

Health (OH): This is the influence of medical
condition on students’ performance in programming
courses. This factor was coded as presented in Table 2
and was investigated by the variables Xi, Xi;, Xy
respectively.

Electricity (OE): This is defined as the erraticism
of power supply as it affects the students’ practice
using computers and also other laboratory works.
This factor was coded as presented in Table 2 and
was investigated by the
respectively.

variables X390 Xz Xy
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Background Knowledge (OB): This is the academic
strength of the student in other courses that are
elementarily related to programming
(mathematics and physics). This factor was coded as
presented in Table 3 and was investigated by the
variables X, Xu3, X445 X4s5 TE€SPECtively.

computer

Facilities (UF): This is the availability of appropriate
programming learning facilities (computer laboratory)
within the university environment. This factor was coded
by as presented in Table 3 and was investigated by the
variables X, X,7, X455 X4o TE€SPECtively.

Class Population (UCP): This is the student to tutor
population ratio during the
class. This factor was coded as presented in Table 2
and was investigated by the variables X, X5, X s
respectively.

programming course

Lecture Time (ULT): This is the conduciveness of the
lecture schedule. This factor was coded as presented in
Table 2 and was investigated by the variables Xg;, X, Xss
respectively.

Teaching Aids (UTA): This is the availability of teaching
aids (audio visuals) for the demonstration of the concept
of programming courses. This factor was coded as
presented in Table 2 and was investigated by the
variables Xsg, Xs;, Xs5 reSpectively.

Family Income (FI): This is the robustness of the family
income of the student. As it influence the ability of the
student to afford textbook materials, print handout or
even own a personal computer for effective study. This
factor was coded as presented in Table 2 and was
investigated by the variables Xs, X¢, Xg1-

Family Stress (FS): This is the degree of disturbance
from home. An unsettled home creates a paranoid
atmosphere which seemly affects student performance.
This factor was coded as presented in Table 2 and

was investigated by the variables Xq, Xg, X
respectively.
Parent Education (FPE): This is the degree of

education of the students’ parent. A poor motivation
from home might destabilize the student cognitive
sense, hence influencing the students’ performance in

programming. This factor was coded as presented in
Table 2 and was investigated by the variables X¢s, X, X7
respectively.

Proper Guidance (FPG): This is the student’s family
guidance and support level for programming
courses. A student from a family of computer
scientist is prone to having huge support and guidance
from home. This factor was coded as presented in Table
2 and was investigated by the variables Xq, Xg, X7
respectively.

Reliability of the Scale: Reliability test was used to
establish the identity of correlation coefficient of the
variables and factors that were tested in this study.
Cronbach’s alpha was used to estimate the average
correlation of both the variable dataset and the factor
dataset to determine if they are standard or not. The
reliability of the presented questionnaire as presented in
Table 6 is acceptable at a Cronbach’s alpha value of 0.731
for the variables and a Cronbach’s alpha value of 0.530 for
the factors. The instrument (questionnaire) employed for
this study is hence acceptable since Siti, Razifah and
Nurhafizah [15] affirmed that a Cronbach’s alpha value of
0.9 — 1.0 is excellent, 0.8 — 0.89 is good, 0.7 — 0.79 is
acceptable, 0.6 — 0.69 is questionable while 0.5 — 0.59 is
poor and value less than 0.5 is unacceptable.

Table 6: Reliability Statistics of the questionnaire’s Variables

Cronbach's Alpha N of Variables
731 71

Table 7:Reliability Statistics of the Extracted Factors

Cronbach's Alpha N of Variables
.530 22

Data Analysis: Statistical Package for Social Scientists
(SPSS) version 16.0 was used to analyze the gathered
data. Furthermore, two datasets were employed in the
determination of the significant predictors to the student
performance in programming courses. The first data set
contains 70 variables which are the representation of all
the variables in sections two (2) to six (6) of the
questionnaire while the other data set includes all the
extracted factors which was coded as presented in Table
2 and Table 3 and discussed in section 3.4 of this study.
These data sets as obtained and factored were used in the
analysis approach involving a Statistical (SPSS) and Excel
Spreadsheet.
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Correlation Analysis: In agreement  with
Varalakshmi et al. [16], the Coefficient of correlation
was used for measuring the magnitude of the linear
relationship between student’s performance and the
predictors (factors) as suggested by Karl Pearson, a
biometrician and statistician. The formula employed
includes:

0 ZXY

nc,,c

y
where o, and o, are the Standard Deviation of x and y

respectively

(i) r:i X

HESra

When the deviations are taken from the actual mean,
any of these methods can be applied. The correlation
algorithm implemented in SPSS 16.0 was used to calculate
the correlation between
presented variables and the extracted factors. Invariably,
all variables present in the questionnaire and the extracted
factors were correlated with student performance (grade)
to determine the degree of correlation between them. The
correlation between student
performance (grade) was regarded as significant at a Sig.
(2-tailed) value greater than or equal to 0.25. A data set of
correlates was then generated from each of the two
datasets on which the correlation analysis was performed.

:X_ZY:Y_Y

student performance, the

these wvariables and

Regression Analysis: Regression was used to measure
the average relationship between student performance
(grade) and the predictors. Precisely, the multiple linear
regression was used to quantify the degree of influence
of the independent variables on the dependent variables.
This is because the relationship entails more than two
relationship between student
performance (SP) and a set of variables x,, x, ... , X, can
hence be expressed as:

variables. Functional

SP =f(x;, X, ..., X,)

where x,, X, ..., X, are the several variables that are being
considered.

Student Performance Model Development: Several
multi-linear regression models could be developed with
the aim of examining the effects of predictors that were

intrinsic to the students who offered programming
courses. Various models such as those representing the
influences of the lecturers, university environment, family
and all other associable factors on student performance
were concisely structured into three (3) categories. This
categorization includes the Student Controllable
Performance Model (SCPM), Student Uncontrollable
(SUPM) and Hybrid Student
Performance Model (HSPM) perspectives.

Performance Model

Student Controllable Performance Model (SCPM):
The controllable performance model was designed to
predict student performance relative to factors that can be
directly controlled or adjusted by the students
themselves. The proposed model hence considers
performance with respect to the study habit, perception
and the rate of fear, attendance, attitude and extra classes
(tutorials) attended by the students with the exclusion of
all the factors that are insignificant.

Student Uncontrollable Performance Model (SUPM):
The Uncontrollable perspective was modeled to predict
student performance with regards to factors that cannot
be controlled (influenced) directly by the student. This
includes factors that are intrinsic to the lecturers,
University and Environment, Family and Other factors
which might have an effect on student performance. All
insignificant factors were duly excluded from the model
being presented.

Hybrid Student Performance Model (HSPM): The hybrid
model relates the performance of students in programming
courses to both the factors that can be controlled by
students and those that cannot be controlled by them
(students).

RESULTS AND DISCUSSIONS

The result of analysis as obtained through the
application of the Statistical Package for Social Studies
(SPSS) and Excel Spreadsheet was discussed in this
section as applied to the variable dataset and the factor
dataset.

Results for Variable Dataset: The results pertinent to the
variable dataset were discussed in this section. These
results were as obtained through the analysis carried out
with SPSS and Excel.
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Demographic Analysis:
performed on
percentage

The demographic analysis
the variable dataset describes the
frequency of the responses of the
respondents. These frequencies are presented in Table 8
as follows:

Table 8: Demographics for the variables

Frequencies (%)

Strongly Strongly

Variables Disagree Disagree Undecided Agree Agree
X1 3.1 22.4 13.6 41.4 19.7
X2 5.8 4.1 16.3 38.6 353
X3 7.5 17.6 4.1 353 35.6
X4 23.1 13.6 14.9 34.9 13.6
X5 14.6 36.3 16.6 22.4 10.2
X6 18.0 21.7 9.2 36.9 14.2
X7 10.2 8.8 31.5 49.5 0
X8 16.9 329 13.9 13.6 22.7
X9 0.7 13.2 16.3 38.6 31.2
X10 1.0 7.8 5.4 37.6 48.1
X11 11.5 10.8 9.8 26.8 41.0
X12 20.7 33.6 9.5 25.8 10.5
X13 13.2 14.9 3.7 27.5 40.7
X14 14.6 10.8 7.5 30.2 36.9
X15 7.8 7.1 14.6 31.9 38.6
X16 9.5 9.2 13.2 27.8 40.3
X17 34.9 27.5 12.2 10.5 14.9
X18 10.8 14.6 21.0 332 20.3
X19 10.8 23.1 34.9 24.4 6.8
X20 9.5 10.8 28.8 37.6 13.2
X21 10.5 9.5 18.6 40.0 21.4
X22 16.3 234 39.7 20.7 0
X23 5.1 15.6 24.1 30.5 24.7
X24 21.7 29.5 14.6 25.1 9.2
X25 6.4 17.3 14.6 47.8 13.9
X26 10.5 24.1 23.1 27.5 14.9
X27 15.9 23.4 20.0 26.1 14.6
X28 6.8 18.0 19.0 40.3 15.9
X29 8.1 24.7 13.2 342 19.7
X30 11.2 18.3 23.7 325 14.2
X31 12.2 19.3 22.0 38.6 7.8
X32 9.5 7.1 7.5 522 23.7
X33 2.0 11.5 16.3 48.8 21.4
X34 11.9 17.3 153 40.3 15.3
X35 7.8 12.5 27.5 29.5 22.7
X36 31.9 37.6 13.6 6.4 10.5
X37 23.1 30.5 6.1 26.8 13.6
X38 26.8 34.6 13.2 15.3 10.2
X39 11.2 17.6 16.9 33.6 20.7
X40 9.8 13.9 6.1 38.6 31.5
X41 7.5 15.3 26.4 26.1 24.7
X42 3.7 254 7.1 44.1 19.7
X43 4.4 34 16.3 42.7 332
X44 2.0 5.1 18.6 45.8 28.5
X45 4.7 6.4 28.5 37.3 23.1
X46 10.2 2.4 8.8 43.7 34.9
X47 6.8 17.6 9.8 37.3 28.5
X48 34 8.5 8.1 42.7 37.3
X49 11.9 21.7 22.0 25.1 19.3
X50 10.8 29.2 11.5 29.2 19.3
X51 7.5 322 16.9 234 20.0

Table 8: Continued
Frequencies (%)

Strongly Strongly
Variables Disagree  Disagree Undecided  Agree Agree
X52 10.8 28.8 12.9 27.1 20.3
X53 18.6 20.0 11.2 21.4 28.8
X54 6.8 19.0 18.0 329 23.4
X55 7.8 17.6 17.6 22.0 349
X56 42.0 23.7 3.1 18.3 12.9
X57 21.4 22.4 13.6 31.2 11.5
X58 18.0 15.3 13.2 33.6 20.0
X59 22.0 21.7 10.2 26.8 19.3
X60 10.8 25.8 9.8 332 20.3
X61 2.0 4.7 1.7 353 56.3
X62 24.7 18.3 9.5 353 12.2
X63 45.1 28.8 10.5 8.8 6.8
X64 42.4 234 14.6 8.1 11.5
X65 12.9 13.9 159 39.7 17.6
X66 9.8 224 19.7 312 16.9
X67 5.8 11.9 8.5 51.5 22.4
X68 5.4 14.6 9.2 325 383
X69 9.2 17.6 10.8 40.7 21.7
X70 4.4 3.4 15.6 39.7 36.9
A B C D E F

X80 (Grade) 31.2 28.8 35.6 2.4 2.0 0.0

Student Performance Model: Correlation and Regression
analysis were enacted on the variable dataset which was
coded directly from the questionnaire. Details of this
analysis are as follows:

Correlation Analysis: The degree of dependability
between all the individual variables and respondents’
performance was evaluated. Eleven (11) of the seventy
(70) variables were found to be in correlation to
the performance of students at a significant level of
=0.25+.

Table 9: Correlated factors to the student performance

Correlation

Correlates Coefficients

X4 -0.260 Programming sounded very scary

X5 -0.355 I was always nervous during programming classes

X6 -0.345 1 was always nervous during programming
examinations

X9 0.403 I was very serious with programming classes

X10 0.345 I believed I could understand the programming
course

X11 0.290 I had interest in programming beyond class level

X14 -0.335 Group discussions helped me to understand
programming

X19 0.342 Programming languages lecturers were never
partial in their dealings with students

X48 -0.266 Lack of computer programming facilities disrupted
clear understanding of programming lessons

X54 -0.290 Programming courses were scheduled to non-
conducive times

X55 -0.257 We had programming classes at unfavorable times
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The variables that correlates with the grade of the
respondents is as described in Table 9. The negative but
relevant correlation value of the variable X4 implies that
students to whom programming sounded scary had a
lower performance. Variable X5 had a relevant but
negative correlation value of -0.355 which implies that the
higher the fear of students in programming classes the
lower their performance and a lower fear factor during the
programming performance increases the performance of
students in programming courses. Variable X6 which
defines a student’s fear factor during an examination had
a relevant but negative relationship with
performance having had a value of -0.345. This implies
that the higher the fear expressed by students for
programming during an examination, the lower their
performance. However, the variable X9 which defines the
seriousness of a student with programming classes had a
positive correlation value of 0.403 indicating that a
decrease in its values implies a decrease in the
performance of a student and an increase would mean an
increase in performance of a student. The variable X10
which defines the attitude of students to understanding
programming had a relevant and positive correlation value
of 0.345 suggesting that its increase would yield an
increase in student performance. Hence, the attitude of
students has a relevant correlation to the performance of
a student and its decrease would mean a decrease in
student performance. The variable X11 which also defines
the attitude of students with respect to their interest to
program beyond class level, had a relevant correlation
value of 0.290 in the positive direction. Implying that an
interest to program beyond class level constitutes an

student

increase in student performance and also suggests that
students who intend to make a future out of programming
tends to perform better in programming examinations.
Variable X14 which defines group discussion however
had a negative but relevant correlation with the
performance of students in programming courses. This
suggests that the more students discuss about
programming the lower their performance. This might be
as a result of increase in tension (fear) which as earlier
discussed, negatively affects the academic performance of
the students in programming courses. Variable X19 which
connotes the attitude of programming lecturers and
defined by the non-partiality of programming lecturers,
had a relevant correlation in a positive direction with a
value of 0.342. This implies that an uplift in the attitude of
lecturers teaching programming courses with regards to

their non-partiality, will yield an increase in the
performance of students. Variable X48 defines the lack of
computer programming facilities as a disruption to
understanding programming lessons and had relevant
correlation of 0.266 in the negative direction. This implies
that the higher the lack of computer programming facilities
the lesser the performance of students while the more the
computer programming facilities provided for the use of
student during programming lessons, the higher the
academic performance of students in programming
courses. The variables X54 and X55 however define the
scheduling of programming courses to non-conducive
and unfavorable times respectively. With both having a
negative correlation value of -0.290 and -0.257
respectively. This suggests that scheduling programming
lectures to non-conducive and favorable times, causes a
decline in the academic performance of students.

Regression Analysis: Using the variable dataset, a
hybrid model was developed for student performance
in programming courses. This
only the wvariables which were significant to the
performance of students programming courses. Fifty-
three (53) out of the entire seventy (70) variables were
retrieved after the exclusion of all the insignificant factors,
from which a model of significant variables was
developed.

model considered

Table 10: Model Summary

Model R R Square Adjusted R Square  Std. Error of the Estimate

1 961* 923 .906 295

a. Predictors: (Constant), X70, X46, X35, X65, X52, X6, X11, X62, X8,
X39, X2, X45, X25, X7, X61, X13, X29, X15, X23, X12, X47, X42, X17,
X36, X9, X34, X67, X49, X58, X54, X24, X33, X69, X26, X41, X19, X59,
X37,X31, X40, X53, X5, X51, X48, X63, X43, X38, X14, X30, X21, X16,
X57,X55

Table 11: ANOVA

Model Sum of Squares Df  Mean Square F Sig.
1 Regression  251.139 53 4.738 54.389 .000*
Residual 20.996 241 .087
Total 272.136 294

a. Predictors: (Constant), X70, X46, X35, X65, X52, X6, X11, X62, X8,
X39, X2, X45, X25, X7, X61, X13, X29, X15, X23, X12, X47, X42, X17,
X36, X9, X34, X67, X49, X58, X54, X24, X33, X69, X26, X41, X19, X59,
X37,X31, X40, X53, X5, X51, X48, X63, X43, X38, X14, X30, X21, X16,
X57,X55

b. Dependent Variable: X80
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The developed model of strictly significant variables As presented in Table 11, the F-Statistics value of
as evidenced by Table 10, had a R-Square value of 0.923. 54.389 shows that the model is strong and is adequately
This indicates that the fifty-three (53) variables fit since it has a P-Value of 0.00 which is less than the
considered by this model causes 92.3% variation in the alpha level of 0.05.
performance of students in programming courses.

Table 12:Table of Coefficients

Unstandardized Coefficients Standardized Coefficients
Model B Std. Error Beta T Sig
1 (Constant) 9.046 .529 17.090 .000
x2 358 .031 407 11.608 .000
x5 -.276 .031 -355 -8.865 .000
x6 287 .027 409 10.685 .000
x7 -.187 .032 -.190 -5.821 .000
x8 323 .029 481 11.079 .000
x9 .664 .032 707 20.721 .000
x11 -.126 .027 -.181 -4.584 .000
x12 -263 .029 -.364 -9.239 .000
x13 139 .020 210 7.023 .000
x14 -.394 .030 -.589 -13.112 .000
x15 -.398 .042 -.508 -9.420 .000
x16 469 .038 .640 12.187 .000
x17 -.262 .041 -.390 -6.314 .000
x19 207 .033 233 6.220 .000
x21 133 .038 170 3.498 .001
x23 =310 .029 -.377 -10.765 .000
x24 -.304 .033 -411 -9.312 .000
x25 =273 .027 =319 -10.042 .000
x26 -.154 .031 -.198 -4.901 .000
x29 -.208 .033 =273 -6.264 .000
x30 178 .040 226 4.460 .000
x31 -.148 .038 -.181 -3.872 .000
x33 -412 .039 -421 -10.660 .000
x34 111 .041 .145 2.728 .007
x35 298 .033 .370 9.066 .000
x36 -.166 .037 =217 -4.476 .000
x37 276 .029 404 9.522 .000
x38 149 .034 .202 4.342 .000
x39 -.265 .031 -.355 -8.427 .000
x40 173 .032 236 5.471 .000
x41 -.249 .036 =317 -6.828 .000
x42 -.286 .032 -.349 -8.968 .000
x43 .280 .041 .295 6.747 .000
x45 455 .038 496 12.011 .000
x46 -.261 .038 -.326 -6.809 .000
x47 -.359 .031 -.467 -11.649 .000
x48 .110 .039 120 2.830 .005
x49 -.168 .029 -.227 -5.888 .000
x51 .140 .033 .186 4315 .000
x52 227 .035 314 6.439 .000
x53 387 .026 .607 15.100 .000
x54 =222 .039 -.283 -5.656 .000
x55 -.237 .049 -.328 -4.833 .000
x57 -.395 .038 -.558 -10.511 .000
x58 427 .032 .623 13.194 .000
x59 .305 .031 465 9.817 .000
x61 -.165 .035 -.153 -4.683 .000
x62 -417 .033 -.615 -12.700 .000
x63 223 .038 .286 5.794 .000
X65 -.494 .031 -.657 -15.688 .000
x67 278 .031 320 8.966 .000
x69 -.127 .035 -.166 -3.606 .000
x70 -.335 .045 -.359 -7.397 .000

a.Dependent Variable: X80
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The developed hybrid model is presented thus:

SP = 9.046 + 0.358X, — 0.276X; + 0.287X, — 0.187X, + 0.323X, + 0.664X, —
0.126X,, — 0.263X,, + 0.139X,; — 0.394X,, — 0.398X,; + 0.469X,; — 0.262X,, +
0.207X,5 + 0.133X,; — 0.310X,5 — 0.304X,, — 0.273X,; — 0.154X,; — 0.208X,; +
0.178X5, — 0.148X,, — 0.412X5, + 0.111X,, + 0.298X,; — 0.166X, + 0.276X,-
0.149X ;5 — 0.265X;5 + 0.173X, — 0.249K,, — 0.286X,, + 0.280X,; + 0.455X 5 —
0.261X,, —0.359X,, + 0.110X,; — 0.168X,, + 0.140X,, + 0.227X,, + 0.387X,,
0.222X., — 0.237X,; — 0.395X;, + 0.427X., + 0.305X, — 0.165X,; — 0.417X,, + (1)
0.223X4; — 0.494X; +0.278X,, — 0.127X5 — 0.335X,

Instances of the model validation result is as presented thus (the bold are the predicted and actual grade, respectively);

5,4,4,2,5,3,2,1,2,5,4,2,1,3,5,3,5,4,3,5,4,5,5,3,3,1,4,1,5,4,3,4,3,5,5,5,4,1,5,4,3,2,1,2,1,5,2,4,2,5,4,2,2,4.637,5
4,3,5,5,3,5,5,2,1,2,4,5,5,4,5,3,1,5,5,4,3,4,4,4,3,3,2,2,4,4,5,4,4,4,1,1,3,4,5,2,1,3,3,4,4,5,5,2,3,5,4,2,4,6.449, 6
4,3,3,4,5,3,4,1,3,2,1,4,1,2,4,4,5,4,3,3,1,4,5,4,5,4,5,5,4,3,3,5,4,4,5,4,5,3,3,2,4,4,5,4,5,1,5,4,2,1,2,4,5,4945,5
5,2,4,5,5,4,3,2,1,4,3,5,1,2,4,4,5,4,3,4,4,3,5,4,5,4,5,4,3,2,4,5,4,4,5,4,4,3,5,4,5,4,5,5,4,1,4,5,4,4,5,5, 4,
4.92399999999999, 5
4,2,3,4,4,5,3,2,1,4,3,2,1,2,4,3,2,5,4,3,2,2,4,3,3,5,4,5,5,3,3,4,4,2,5,4,5,1,3,4,5,4,4,4,4,3,4,4,5,4,1,1,2,4989, 5
1,5,5,4,3,4,5,4,5,3,5,5,1,3,5,2,1,4,3,4,5,4,3,5,5,5,4,5,3,2,3,4,5,5,5,4,5,3,2,2,1,4,5,4,5,1,5,4,3,4,2,4,5,3.483, 4
5,4,54,5,2,3,4,5,4,4,5,1,1,5,3,4,4,2,4,5,4,5,3,4,5,4,5,5,4,5,4,5,5,5,4,5,2,4,5,4,4,5,5,4,1,5,4,5,5,5,4,5,
3.51099999999999, 4
4,4,3,5,4,5,2,5,1,4,5,4,1,1,4,5,3,4,5,4,5,4,4,4,5,4,5,4,3,5,5,4,5,5,5,4,4,1,3,2,1,4,5,5,4,5,2,1,4,5,5,2,4,4815, 4
5,2,1,3,5,4,51,5,5,5,5,1,3,3,4,4,4,1,5,4,3,4,4,3,2,5,3,3,5,5,3,3,1,5,5,5,4,5,5,5,3,3,1,5,1,5,4,1,3,4,4,4,5927, 6
5,4,4,5,2,3,4,2,4,5,5/5,3,4,4,5,1,3,2,2,3,2,4,2,3,2,4,3,5,5,4,4,5,4,4,4,4,2,2,2,4,4,4,2,4,3,5/5,1,2,4,5,5,
4.24599999999999, 5

Results for Factor Dataset
Demographic Analysis: The demographic analysis performed on the factor dataset describes the percentage frequency
of the responses of the respondents. This frequencies are described in Table 13

Table 13: Demographics for Factors Table 14: Descriptive Statistics for Extracted Factors
Frequencies (%) Descriptive
Statistics N Minimum  Maximum Mean Std. Deviation

Factors Strongly Disagree Disagree Undecided Agree Strongly Agree GRADE 295  2.00 6.00 4.8475 96210
SSH 0.7 6.5 339 46.8 122 SSH 295 3.00 15.00 11.1966  2.19197
SF 11.5 187 19.3 36.6 13.9 SF 295 3.00 15.00 8.8746  3.32091
SATD 0 24 19 589 19.7 SATD 295 6.00 15.00 10.9898  2.00592
SAT 0 5.1 264 638 4.7 SAT 295 4.00 20.00 143831 3.06268
ST 41 8.8 149 298 424 ST 295 3.00 15.00 113085  3.42705
E%T g % ‘3‘3‘; 33'2 :;; LAT 295 4.00 19.00 12,0814 3.35945
Lcs 0 57 P <3 o8 LTS 295 8.00 20.00 13.4169  2.70155
A o1 g1 48 e 139 LCS 295 6.00 18.00 12,9831  3.07995
b 07 o1 132 549 231 LA 295 3.00 15.00 9.6339  2.91633
ol 125 133 128 78 3.6 LD 295 4.00 20.00 142610  3.43793
OE 0 47 2%.1 482 21 OH 295 3.00 15.00 7.5085  3.29178
OB 0 27 21 444 319 OE 295 5.00 15.00 10.4847  2.26304
UF 0 75 145 536 244 OB 295 5.00 20.00 15.0847  3.05554
UCP 6.8 18.3 24.4 295 21 UF 295  4.00 20.00 14.7424  3.21900
ULT 4.7 16.3 18 322 28.8 UcCp 295 3.00 15.00 9.5051 3.45513
UTA 12.5 19 26.8 2 19.7 ULT 295 3.00 15.00 10.2746  3.52771
FI 0.7 2.7 28.8 403 27.5 UTA 295 3.00 15.00 8.4780  3.45013
FS 23.7 25.8 26.8 13.5 10.2 FI 295 3.00 15.00 10.6508  2.32777
FPE 3.4 13.2 115 472 24.7 FS 295 3.00 15.00 7.1831  3.43557
FPG 2.0 7.2 33.5 48.5 8.8 FPE 295 3.00 15.00 103119 3.08127

A B c D E F FPG 295 6.00 15.00 113322 2.27635
GRADE 312 28.8 35.6 24 2 0 Valid N (listwise) 295

Descriptive Analysis: Mean and standard deviation are Student Performance Model: Details of the Correlation
the descriptive analysis used in this study to analyze the and Regression analysis as enacted on the dataset of
factors being investigated. factors extracted from the variable set is as follows:
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Table 15: Coefficient Table of Factors

GRADE SSH SF SATD SAT ST LAT LTS LCS
GRADE 1.000
SSH 0.145 1.000
SF -0.384 -0.146 1.000
SATD 0.177 -0.119 -0.128 1.000
SAT 0.327 0.089 -0.381 0.196 1.000
ST -0.289 -0.013 0.317 0.068 -0.005 1.000
LAT 0.271 0.311 -0.393 -0.220 0.159 -0.331 1.000
LTS -0.309 0.197 0.344 -0.248 -0.456 0.380 -0.122 1.000
LCS 0.242 0.371 -0.301 -0.083 0.088 -0.154 0.735 0.004 1.000
LA 0.055 0.221 -0.136 -0.139 0.077 0.073 0.301 0.070 0.424
LD 0.109 0.361 -0.228 -0.136 0.157 -0.136 0.527 0.115 0.487
OH -0.001 -0.004 0.178 -0.089 -0.197 -0.160 0.238 0.185 0.154
OE 0.200 0.424 -0.077 -0.039 0.041 0.061 0.179 0.081 0.160
OB -0.033 -0.039 0.088 0.126 0.207 0.340 -0.077 0.097 0.153
UF -0.186 -0.279 0.021 0.157 0.172 0.095 -0.320 -0.205 -0.520
ucCp -0.199 0.166 0.252 -0.272 -0.345 0.266 -0.123 0.534 -0.118
ULT -0.273 -0.088 0.438 0.029 -0.263 0.374 -0.480 0.378 -0.450
UTA 0.051 0.099 0.070 0.070 -0.028 0.061 0.253 0.219 0.398
FI 0.171 -0.021 0.044 0.359 0.269 -0.005 0.021 -0.312 0.077
FS -0.211 -0.077 0.215 -0.074 -0.303 -0.025 0.137 0.338 0.084
FPE -0.131 0.108 0.031 0.199 -0.058 0.234 -0.116 0.216 -0.045
FPG -0.137 -0.006 -0.057 0.206 0.239 0.240 -0.058 -0.195 -0.172

Correlation Analysis: Correlation analysis carried out on
the extracted factors showed that only six (6) out of the
twenty-one (21) factors been investigated were found
significant to student performance in programming
courses. Factors such as SSH, SATD, LCS, LA, LD, OH,
OB, OE, FS, FPE, FPG, UCP, UTA, UF and FI were found
to be non-significant to the study while factors such as
SF, SAT, ST, LAT, LTS and ULT were found significant.
These bolded statistically relevant factors all have a
correlation value which is greater than or equal to 0.25
which is the statistically acceptable benchmark of
correlation relevance for a variable.

Student Fear and Perception (SF) had a correlation
value of -0.384 which implies that a positive perception of
students who offered programming courses gave their
performances a facelift. Hence the more control a student
has over the fear factor that emanates predominately from
programming courses the better performance of such a
student.

Tutorials and Extra Classes (ST) had a significant
correlation coefficient of 0.289 in the negative direction
which denoted that students who had attended a group
discussion in search of better understanding might end
up being rattled and confused. Invariably, this suggests
that the higher the tutorial or group discussion of a
student, the higher the risk of having a decrease in the
performance of student in programming courses as
connoted by the correlation coefficient.

The lecturer’s Teaching Style (LTS) also correlates
negatively with the performance of students as it has
a relevant correlation value of -0.309. This conveys
that the lecturer’s teaching technique of a programming
course doesn’t necessary have to excellent to achieve a
better student academic performance in programming
courses.

Lecture time (ULT) had a correlation coefficient of
0.273 in the negative direction. This insinuates that a
favorable or conducive lecture time is significant to the
academic performance of students who offer programming
courses and that the more favorable or conducive the
lecture time is the better the performance of student in
programming courses.

Student attitude (SAT) had a correlation value of
0.327 in the positive direction, suggesting that the
attitude of students is directly proportional to their
academic performance in programming
Hence the more positive the attitude of a student is
to learning programming the better the performance
of such a student while a decline in the attitude of a
student will directly lead to a decline in academic
performance.

Lecturer’s attitude (LAT) had a relevant correlation
value of 0.271 indicating that there exists a strong
relationship between the attitude of programming course
lecturers and the performance of their students. This
suggests that a more positive attitude from programming

courses.

1753



Middle-East J. Sci. Res., 25 (8): 1742-1761, 2017

courses lecturers would cause students offering their
courses perform better. It is however important to note
that correlation measures the magnitude of linear
relationship between the student’s performance and the
predictors as stated in Section 3.6.1 of this paper. Hence,
the weak correlation of a variable does not depict its
insignificance.

Regression Analysis: Multiple regression was used to
examine the association between the factors affecting the
academic performance of students in programming
courses. This implies an analysis of the relationship
between the criterion (dependent variables) and the
predictors (independent variables). The factor dataset was
subjected to this analysis in a bid to evaluate the
magnitude of the relationship that exists between
student academic performance and each of the extracted
factors.

Several approaches were gainfully employed in an
effort to obtain a dutiful and accurate quantification of the
relationship that exists between the dependent and
independent variables. These approaches were bent on
defining the magnitude of influence of factors based on a
defined scope. Hence, three model scopes were defined as
thus; Hybrid Model, Controllable Model and the
Uncontrollable Model.

Hybrid Student Performance Model (HSPM): This
model applies the influence of all the possible factors
(Controllable and Uncontrollable) on student performance
without giving preference to any perspective whatsoever.
Thus, it provides a means of estimating student
performance with regards to all applicable and significant
factors. Regression analysis of the significant factors was
then evaluated after the exclusion of all factors with a p-
value

Table 16: HSPM Model Summary
Model R

R Square Adjusted R Square  Std. Error of the Estimate

1 .634a  .402 381 75674

a.Predictors:(Constant),FPG, FPE, SF, OE, UF, SATD, OH, SAT, FI, FS

The newly developed model of ten (10) significant
factors had a R-Square value of 0.381 explaining about
38.1% of the students’ performance. To determine the
overall strength of the model presented in Table 16, F-
Statistics test was carried out.

Table 17: HSPM ANOVA

Model Sum of Squares  df Mean Square  F Sig.
1 Regression  109.502 10 10.950 19.122  .000*
Residual 162.634 284 573

Total 272.136 294

a.Predictors:(Constant), FPG, FPE, SF, OE, UF, SATD, OH, SAT, FI, FS
b. Dependent Variable: Grade

As presented in Table 17, a valid F-Statistics test
value of 19.122 was obtained. This F-Statistics test value
describes the model as very strong.

Table 18: HSPM Coefficients
Unstandardized
Coefficients

Standardized
Coefficients

Model B Std. Error Beta T Sig
1 (Constant) 5.088 513 9.917 .000
SF -.077 015 -.264 -5.071  .000
SATD .085 .025 178 3.417 .001
SAT .059 .017 .189 3.423 .001
OH .049 .017 167 2.838 .005
OE .077 .020 181 3.863 .000
UF -.060 .015 -.201 -3.957  .000
FI .060 .023 .146 2.613 .009
FS -.068 .017 -242 -4.006  .000
FPE -.057 .015 -.182 -3.811  .000
FPG -.107 .023 -.253 -4.711 _ .000

a. Dependent Variable: Grade

SP = 5.088-0.077SF+0.085SATD-+0.059SAT+0.0490H
+0.0770E-0.060UF+0.060FI-0.068FS-0.057FPE
-0.107FPG 2

As described in Table 18 based on the Beta
coefficients of the result of regression analysis, Student
Fear and Perspective (SF) causes 7.77% variation of
student performance in programming courses in the
negative direction, Student Attendance (SATD) causes
8.5% variation in the academic performance of students,
5.9% variation in academic performance in programming
courses is attributed to the Student Attitude (SAT) while
4.9% variation is caused by the Health (OH) factor of
students offering programming courses and a variation of
7.7% is caused by the Electricity factor. University
Factors (UF) causes 6.0% variation in student
performance in the negative direction, family income also
causes 6.0% variation in student performance but in the
positive direction while a negative direction variation of
6.8%, 5.7% and 10.7% were obtained for Family Stress
(FS), Parent Educational Level (FPE) and Parental
Guidance (FPQG) respectively. The developed model was
then validated using a series of randomly selected
respondent data. A few of the model validation instances
is as presented thus;
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SF SATD SAT OH OE UF FI FS FPE FPG Predicted Original
10 10 10 6 8 14 12 8 12 12 4.036 4
9 13 13 7 13 9 13 8 14 8 5.653 6
11 12 11 14 10 17 10 9 5 11 4.872 5
8 13 10 14 11 15 10 14 8 7 5.243 5
12 11 14 14 14 16 10 13 14 12 4.363 4
3 13 16 8 7 14 10 6 11 12 5.278 5
11 8 11 7 11 13 7 3 12 11 4.335 4
3 11 19 8 13 13 14 5 11 12 6.115 6
12 15 16 3 7 20 15 3 14 15 4.162 4
9 11 13 14 8 15 10 9 11 6 5.218 5

Student Controllable Performance Model (SCPM): This
model as against the hybrid model presents a student
perspective of student performance in programming
courses by considering only the factors that are intrinsic
to and can be controlled by students. Hence, the
performance of students was determined and predicted
based on factors which are peculiar to the students and
the students alone.

Table 19: SCPM Model Summary

Model R R Square  Adjusted R Square
1 .503a 253 .240

a. Predictors: (Constant), ST, SAT, SSH, SATD, SF

Std. Error of the Estimate
.83853

The five (5) factors intrinsic to students alone are ST,
SAT, SSH, SATD and SF. As evidenced by Table 19, the
developed model had a R Square value of 0.253 which
implies that the model explains 25.3% of the students’
performance.

Table 20: SCPM ANOVA

Model Sum of Squares  Df Mean Square  F Sig.
1 Regression  68.929 5 13.786 19.606 .000°
Residual 203.207 289 703
Total 272.136 294

a. Predictors: (Constant), ST, SAT, SSH, SATD, SF
b. Dependent Variable: Grade

The ANOVA analysis presented in Table 20 shows
that the model is very strong since the F-Statistics test
value is 19.606. Also the model was regarded as fit since
it as a p-value of less than 0.05.

Table 21: SCPM Coefficients

Unstandardized Standardized
Coefficients Coefficients
Model B Std. Error Beta T Sig
1 (Constant) 3.837 512 7.500  .000
SSH .049 .023 11 2.134  .034
SF -.056 .017 -.194 -3.268 .001
SATD .067 .025 .140 2.645  .009
SAT .068 .018 215 3.829  .000
ST -.066 .015 -.235 -4.315 .000

o

Dependent Variable: Grade

All the factors considered in this model were found
to be significant to determining the academic performance
of student programming courses. The model is then
presented as thus;

SP = 3.837+0.049SSH-0.056SF+0.067SATD+0.068SAT
-0.066ST (3

As evidenced in Table 21, on the basis of Beta
coefficients the result of regression analysis for study
hours (SSH) in the model causes positive 4.9% variation
in student academic performance in programming courses.
Student fear and perception causes a negative 5.6%
variation in student performance in programming courses
while student attendance causes a positive 6.7% variation
and student attitude (SAT) causes a positive 6.8%
variation in student performance. Finally, tutorial (ST)
causes a negative 6.6% variation in the performance of
students in programming courses.

Instances of the model validation result are as presented thus;

SSH SF SATD SAT ST Predicted Original
11 10 10 10 12 4.374 4
12 13 11 15 11 4.728 5
13 5 13 13 10 5.289 5
11 11 12 11 7 4.85 5
10 8 13 10 9 4.836 5
10 3 13 16 12 5.326 5
14. 11 8 11 14 4.267 4
14 3 11 19 3 6.186 6
10 9 11 13 8 4916 5
10 10 6 14 13 4.263 4

Student Uncontrollable Performance Model (SUPM):
Uncontrollable performance model considers all
perspectives that are not within the control of students.
This includes factors that are intrinsic to the lecturers,
university, health, family and other factors. Hence
presenting a model from which the performance of the
students in programming courses can predicted
considering only factors that cannot be directly
influenced by them (students).
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Table 22: SUPM Model Summary

Model R R Square Adjusted R Square

1 5130 264 251

a. Predictors: (Constant), FPG, OE, UF, LTS, FS

Std. Error of the Estimate
.83270

As described in Table 22, the model presented had a
R Square value of 0.264, implying that 26.4% of student
performance in programming courses can be explained by
this model through the five (5) factors considered.

Table 23: SUPM ANOVA

The presented model is as follows:

SP=7.800-0.127LTS+0.1020E-0.066UF-0.048FS-0.088FPG
4)

As evidenced by Table 24 on the basis of Beta
coefficients, the result of regression analysis for
Lecturers’ Teaching Style (LTS) causes 12.7% variation
in student performance in the negative direction.
Electricity factor (OE) causes 10.2% variation in the
performance of students in programming courses while

Model Sum of Squares Df Mean Square  F Sig.
| Regression  71.748 5 14350 20.695  000° University Facilities (UF), Family Stress (FS), Parental
Residual 200.387 289 .693 Guidance (FPG) causes 6.6%, 4.8% and 8.8% variation in
Total 272.136 294 student performance in the negative direction
a. Predictors: (Constant), FPG, OE, UF, LTS, FS respectively.
b. Dependent Variable: Grade
Instances of the model validation result are presented thus;
. AAs evidenced in Table 23,. thej derived model had a LTS OF UF TS PG Predicted _ Original
s;lgnlﬁca(riltII’-Valuet)of 0.00(I \Zh;ch is lte)ss th(alln 0.0Slhenfi:e 3 . ” . 2 3966 p
the model can be cor.10 u ed to e. a .quate y fit. 12 13 20 10 1 4834 3
Furthermore, the F-Statistics test whlch. 1n$11ca.tes the 17 12 15 1 8 4.643 5
strength of the model had a value 20.695, indicating that 13 13 9 g 8 5793 6
the model is very strong. 13 13 9 7 12 5.489 5
13 11 15 14 7 4.993 5
Table 24: SUPM Coeftficients 17 12 17 13 10 4239 4
Unstandardized Standardized
K X 16 14 16 13 12 4.46 4
Coefficients Coefficients
15 14 14 9 15 4.647 5
Model B Std. Error Beta T Sig 12 7 14 6 12 4722 5
1 (Constant) 7.800 .500 15.615 .000
LTS -127.020 -337 -6.438 000 Hypothesis Testing: After evaluation for the validity or
OE 102 .022 239 4.700 .000 ionifi 1 1 of the fact hich th d
UF 066 016 1 4146 000 significance ev§ of the factors on whic § propose
S 048 016 170 295 003 hypotheses of this study are based, the following are the
FPG -088  .023 -208 3753 .000 propositions made.
a. Dependent Variable: Grade
Table 25: Table of Coefficients for Hypothesis Test.
GRADE INTROCLASS GADGETS ASSIGN MTH
GRADE Pearson Correlation 1 .140° .240™ 318" .017
Sig. (2-tailed) 016 .000 .000 776
N 295 295 295 295 295
INTROCLASS Pearson Correlation 140" 1 .105 .086 2217
Sig. (2-tailed) 016 073 139 .000
N 295 295 295 295 295
GADGETS Pearson Correlation .240™ 105 1 012 073
Sig. (2-tailed) .000 .073 .841 213
N 295 295 295 295 295
ASSIGN Pearson Correlation 318" .086 .012 1 -.022
Sig. (2-tailed) .000 139 .841 710
N 295 295 295 295 295
MTH Pearson Correlation .017 221 .073 -.022 1
Sig. (2-tailed) 776 .000 213 710
N 295 295 295 295 295
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Table 25: Continued

GRADE INTROCLASS GADGETS ASSIGN MTH

PHY Pearson Correlation .107 .070 .200™ -.077 1347
Sig. (2-tailed) 067 228 001 188 022
N 295 295 295 295 295
GENDER Pearson Correlation 176" 127 146" -.102 .102
Sig. (2-tailed) 002 029 012 080 .080
N 295 295 295 295 295
DEPT Pearson Correlation 207" 178" 286" 1197 .018
Sig. (2-tailed) .000 002 .000 041 755
N 295 295 295 295 295
AGE Pearson Correlation 212" 1417 .102 -.005 .093
Sig. (2-tailed) .000 015 079 933 109
N 295 295 295 295 295

*. Correlation is significant at the 0.05 level (2-tailed).
**_ Correlation is significant at the 0.01 level (2-tailed).

The P-value for the gadgets variable is 0.000 which is
less than the benchmark value of 0.05. This implies that
the hypothesis has a 100% probability of occurrence.
Therefore we fail to reject since there is statistically
proven significance between gadget and student
performance. Hence practicing with a personal computer
is significant to the determination of student performance
in programming courses. Attending an introductory
programming class was evaluated as significant at a P-
value of 0.016. Hence, there is 98.4% probability that
holds and 1.6% probability that does not hold.
Therefore, the hypothesis is not rejected. This implies that
attending introductory classes is significant in the
determination of students’ academic performance in
programming courses. ASSIGN was found to be
significant at P-Value of 0.000, which denotes that the
probability that holds is 100%.

Hence, attempting to solve assignments personally
is grossly significant to the academic performance of
students who offer programming courses. The P-Value of
0.067 of the PHY variable indicates that there is no
significant relationship between a strong background in
physics and students performance in programming.
Hence, it is rejected. MTH variable had a P-Value of 0.776
which indicates that there is no significance between a
strong background
performance in programming courses. However, AGE
variable was significant at a P-Value of 0.00. This indicates
the existence of a significant relationship between the age
of students and their performance in programming
courses. Hence the hypothesis is accepted. GENDER
variable had a P-Value of 0.002 which indicates a
significant relationship between the gender and
performance of a student in programming courses. The
hypothesis is thereby accepted. The DEPT variable had

in mathematics and academic

a significant P-Value of 0.000. This implies that the
domicile department requirement is significantly related to
the performance of students in programming courses.
Therefore, the hypothesis was accepted.

Comparative Evaluation of the Student Performance
Models: The presented models conform with the already
existing body of knowledge in that the positive
significance of factors such as Student Attendance
(SATD), Student Attitude (SAT) and the negative
significance of factors such as Family Stress(FS) were in
tune with the models presented by [1,14]. However
probably due to the prevalence of geographical influences
or difference in variable coding, factors such as Student
Study Habit (SSH), University Facilities (UF), Family
Proper Guidance (FPG) and Family Income (FI) had a
varying significance. The developed models in this paper
also took factors such as Lecturers’ Teaching Style (LTS),
Health (OH), Electricity (OE), Parental Education (FPE),
Student Fear and Perception (SF) and Tutorials and Extra
Classes (ST) which were not duly considered by existing
works into consideration.

CONCLUSION

In this paper, the factors affecting the academic
performance of undergraduates in programming courses
were explored and predictive models with which the
performance of students can be qualitatively and
quantitatively estimated were developed. The research
was conducted on a sample of students who have at one
time or the other offered PASCAL, QBASIC or Java within
the Federal University Oye-Ekiti, Ekiti State, Nigeria. The
statistical (SPSS) approach was gainfully employed to the
analysis of the retrieved data from 295 respondents.
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Using the appropriate statistical technique, findings
showed that the attitude of students, lecturers and the
fearful perception of students, their attitude, tutorials
attended, lecturers’ attitude, lecturers’ teaching style and
the lecture time had a strong correlation with the
performance (grade) of the students in programming
courses while factors such as erratic power supply,
university facilities, student health, students attendance
and a few other factors were significant to the
performance of students in programming courses.

This paper actually predicted students’ performances
in three (3) programming courses which cut across the

Appendix A
Questionnaire

SECTION ONE

X,, What department are you: ...............ooeviiiiiiiiiin..

Gender: (OMale
X, Level of study: ...........
X, Programming language being evaluated (Tick one):

(OQ-Basic (OPascal

(OFemale

(OJava

first, second and third (100-300) level of study within the
institution. However, if similar study is to be carried out
again, a consideration of all programming courses been
offered in the institution might graciously improve the
findings reported in this paper. Future works could
develop generalized models to evaluate students’
performance in each of the three (3) (primary, secondary
and tertiary) systemic levels of education in Nigeria.
Furthermore, within the secondary and tertiary education
levels, generalized models to measure the performance of
students in all state, federal and private institutions in
Nigeria could also be developed.

X5 What was your grade in the course selected in (4) above...............

X,; How old were you then: (OBelow 16 ()16-19 (020-25 (0 26-30 () above 30
SECTION TWO

Please tick the option that best describe your opinion about these expressions.

Strongly Agree Agree Undecided Disagree Strongly Disagree
5 4 3 2 1

S/N Expressions 5 4 3 2 1
X, I had enough time to study programming

X, Studying before attending a class aided my assimilation during programming classes.

X3 Studying programming was never a wasted effort

X4 Programming sounded very scary

Xs I was always nervous during programming classes

Xo I was always nervous during programming examinations

X, I attended programming classes regularly

Xg Blending in after missing a class was very easy

Xy I was very serious with programming classes

X10 I believed I could understand the programming course

X I had interest in programming beyond class level

X, Programming was not confusing and did not cause headache

X3 Programming is relevant to my pursuit

X4 Group discussions helped me to understand programming

X5 Attending programming tutorials was very helpful

X6 Programming courses tutorials helped me so much
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SECTION THREE

S/N Expressions 54 321
X,;  Motivation of programming lecturers encouraged my commitment towards learning programming
X;3 Programming language lecturers helped me develop interest in programming

X,, Programming languages lecturers were never partial in their dealings with students

X,  Programming lecturers were friendly during lectures

X,  Programming language lecturers enforced discipline during their lectures

X,, Programming languages lecturers were too serious during lectures

X,;  Teaching methods and styles of programming lecturers inhibited lecture clarity

X,s  Programming language lecturers wasted time on matters with less relevance in class

X,s  Programming language lecturers were always clear, precise and communicates understandably
X,, Programming language lecturers made use of enough relevant instructional materials

X,, Programming language lecturers delivered course contents well and to my understanding

X,;  Programming language lecturers were very clear and explicit

Xy  Programming language lecturers didn’t miss classes

X; Programming language lecturers attended to me whenever I had difficulties with their course(s)
X;;  Programming lecturers were always available

Xy, Programming course lecturers allowed students to ask questions and take time to explain

Xy;;  Programming course lecturers came to class fully prepared

X3,  Programming languages lecturers spent extra time to explain things during class

X;s  Programming language lecturers usually came early to class

SECTION FOUR

S/N Expressions 54 321
x5 I fell sick quite often

X3,  Prolong usage of computer caused me headache

X33 1took a few compulsory medications frequently

X3 It was difficult to charge my computer even within the campus

X4  Erratic power supply reduced the effectiveness of my practice

x4  Consistent power supply helped me in programming courses

X,  had a good background in physics

X, 1had a good background in mathematics

x4 I'had a good background in English

X4 Strong background in Physics and Mathematics helped me in programming

SECTION FIVE

S/N Expressions 54321
X4  Absence of accessible ICT facilities inhibited my programming performance

X4,  The environment where we had programming lectures was not conducive

x4 Lack of computer programming facilities disrupted clear understanding of programming lessons

X4,  The school library was not equipped with materials relevant to programming

X5, Large class population disrupted my concentration during programming lectures

X;;  Population of students offering programming courses debarred my commitment to learning

X5,  Effectiveness of the programming lecturers’ teaching was reduced by huge programming class population.
Xs;  Programming lectures were scheduled after an equally tiring lecture

X5, Programming courses were scheduled to non-conducive times

Xss  We had programming classes at unfavorable times

Xss  Programming lecture theatres were equipped with audio-visuals and learning aids

Xs;  Programming courses were analyzed clearly to sight

Xss 1 had a visual understanding of what the programming lecturer was implying
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SECTION SIX

S/N Expressions 54321
X5y Expensive cost of living did not affect my performance in programming classes

Xe My family could afford to buy enough programming textbooks

Xo; My family sponsored my academic pursuit

X,  Quarrel between family members is normal

Xe; I had to travel to settle quarrels within my family

Xo  Quarrel between my family members escalates a times

Xes My father is familiar with computers

Xes My mother is familiar with computers

Xs; My parents are well educated

X My parent would want me to offer programming courses

Xe 1received educational advices from family members often

X, My family believed that a proper study will help me in programming courses

SECTION SEVEN

Please tick the option that best describe your opinion about these questions.

S/N  Questions Yes No

X, Did you attend the introductory classes?

X,,  Did you practice programming with your own personal computer?

X,;  Did you attempt your programming assignment by yourself?

X,;; Do you like mathematics?

X, Do you like physics?
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