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Abstract—The reliance on science and technology by both 
countries and corporate entities is increasingly evident as the 
evolving trend of digitization not only pervades every facet of life 
but also assumes a dominant role. Correspondingly, the 
significance of producing competent computer science and 
information technology (IT) graduates becomes highly 
imperative. Already, in most developed and developing countries, 
there has been an increasing demand for these competencies such 
as network engineers, programmers, and other IT-related 
specialists. Although these competencies are equally valuable, 
programming skills constitute the core of the strength of every 
other IT-related competence. Nevertheless, programming is 
reported in the literature to be one of the most difficult courses to 
students. Moreover, the level of performance in programming is 
said to be significantly low with an attendant high rate of 
students’ dropout. There is a concerted research effort toward 
addressing the challenge of poor academic performance by 
attempting to answer the question of what factors affect 
academic performance in general. However, there is scanty 
literature on the factors that affect the ability to understand the 
concept of programming in specific. This paper, therefore, 
reports a case study investigation of students’ perception of the 
effect of cognitive factors as the determinant of success in 
computer programming. The findings showed that performance 
in introductory programming is impacted by a range of 
interrelated cognitive factors including self-efficacy and the love 
for technology. 
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I. INTRODUCTION 
Under-performance and a high dropout rate of 

undergraduate students remains a major problem that 
characterized higher education in South Africa [1], [2]. This 
predicament has tremendous adverse implications on both the 
private and public sectors of the economy because students are 
the potential assets of the country’s economy as they transfer 
skills from the Universities to the industry. The government 
commits huge budgetary allocations annually through the 
Department of Higher Education and Training as part of a 
broad national strategy to improve the quality of life of South 
Africans by supporting the post-school education and training 
system. 

Among others, science and technology disciplines record 
the lowest performance and highest dropout rates. Within 

South African Universities of Technologies as well as other 
countries, this ugly trend of poor performance is very 
pronounced among first-year students, especially in 
introductory programming courses [3]. Moreover, under-
performance in programming has far-reaching implications. 
For instance, it can undermine the capacity to meet the global 
trend of a shift in skill demand in response to the advent of the 
Fourth Industrial Revolution (4IR) [4], [5]. This revolution 
hinges on digital technology as the pivot and driver of global 
innovation because it ushers in a paradigm shift from the 
hardware-centered to software-centered technology [5]. 

Whether for the student, researcher, or industrialist, the 
transition to 4IR, promises unlimited prospects in the emergent 
fields of Internet of Things, cloud computing, artificial 
intelligence, machine learning, and big data analytics. From a 
labour market perspective, these prospects present an ever-
growing global demand for the IT skills necessary to steer the 
resultant digital economic, social, and other innovative systems 
in both developed and developing countries [6], [7]. This 
realization essentially emphasizes the indispensability of 
computer programming skills in an increasingly IT-dominated 
world. Therefore, it becomes highly imperative for universities 
that offer IT courses to strengthen their capability to produce 
graduates with sound programming skills. 

Consequently, the need to address underperformance in 
programming has gained wide research attention with much 
emphasis on identifying the predictor factors [8], [9], [10]. 

However, with the global average success rates in 
introductory programming courses estimated to be 67 percent 
in [11], the need to investigate why several students find 
introductory programming difficult [3] to understand remains 
highly imperative. 

In this study, therefore, the perception of students on the 
effect of cognitive factors as a predictor of academic 
performance in computer programming was investigated. The 
study contributes toward enhancing curriculum development 
for South African Universities of Technologies and providing 
useful insights for crafting intervention programs to assist at-
risk students. The study used a case study of second-year 
Information Technology students at a South African University 
of Technology. 

185 | P a g e  
www.ijacsa.thesai.org 



(IJACSA) International Journal of Advanced Computer Science and Applications, 
Vol. 11, No. 7, 2020 

The rest of the paper is structured as follows: the review of 
relevant works in presented in Section II and the cognitive 
learning theory briefly explored briefly explored Section III. 
The study’s methodology and case study description are 
offered Sections IV while the findings are reported in 
Section V. The paper in concluded in Section VI. 

II. LITERATURE REVIEW 
With the emergence of Big data analytics and machine 

learning tools, several models are being designed to predict 
academic performance in diverse fields as reported in [12]–
[14]. Such models are grounded on the rationale that academic 
performance is the resultant effect of certain determinable 
variables or factors. As researchers seek to understand the 
phenomenon of academic performance, these factors have been 
the key focus of various investigations. Therefore, this review 
is strucrured based on the categories of factors as reported in 
the literature, namely, academic factors, cognitive factors, and 
psychosocial factors. 

A. Academic Factors 
Factors such as previous academic achievement, 

mathematical abilities, prior experience, and study skills have 
widely alluded by many studies to have a strong correlation 
with academic performance. In their work to rate predictor 
factors, authors in [15] maintained that previous academic 
achievement is a single best predictor of student success at the 
university level. According to the authors, a student who 
obtained good results in high school is likely to perform better 
in the university. This finding is also supported in [16]. In a 
similar effort reported in [17], students’ previous achievement 
was found to best predict their academic performance when 
combined with self-efficacy. 

Another work in [18] narrowed the focus to investigate the 
joint effect of prior programming background and self-efficacy 
on undergraduate students’ success in programming. Based on 
their findings, they concluded that prior programming does not 
affect performance directly, but it increases one’s self-efficacy 
for programming hence increase performance. In the same 
vein, the relationship between mathematics and programming 
was investigated in [19].  The study confirmed that students' 
mathematics ability was strongly related to their programming 
performance. Similarly, other studies such as using a mixed-
method approach, the work in [20], [21] all corroborate the 
strong correlation between mathematics abilities and 
performance in programming. Authors in [21] specifically 
stated, “The data shows that if the mathematics subject result is 
good, then the programming result is also good”. 

B. Psychosocial Factors 
There have been consistent reports in the literature that 

psychosocial factors impact academic success. Psychosocial 
factors such as students’ social integration, career orientation, 
commitment to the study, social support, psychological health, 
amongst others have been investigated. According to [22] 
Tinto‘s theory indicate that a student tends to persist and 
perform better if integrated well to the university. This claim is 
also strongly supported by the findings reported in [23]. But 
contrary to Tinto’s model, the work in [24] revealed that the 
commitment of students to the university’s social activities 

results in poor performance. This may be true for courses like 
programming which require a lot of time. Too much 
involvement of students in the university social groups may 
occupy the very time required for practice since computer 
programming requires practice in and out of the classroom. 
However, the authors further concluded that students who like 
the course they study are often associated with clear objectives 
and are likely to obtain good results. 

C. Cognitive Factors 
There is extensive research on potential effect cognitive 

factors on academic success. The majority of these studies 
focus more on first-year students. The reason for this is 
because according to [25], the students tend to drop out of the 
university during the first academic year or before the second 
year of study as a result of poor academic achievement. Poor 
performance or dropouts of students is a concern to the 
academic institutions. Numerous studies have identified several 
cognitive factors to influence academic achievement. These 
factors include but not limited to mental models, self-efficacy 
beliefs, motivation, and personality traits. However, self-
efficacy and motivation have been for a long time, indicated as 
having a strong impact on the academic success of students. 

Studies on self-efficacy have constantly asserted that 
students with high self-efficacy are likely to achieve good 
results at university than those with low self-efficacy. The 
work in [26] noted that self- efficacy has been proven across 
the literature as the strongest predictor of academic 
performance. The author of the work in [27] is also convinced 
that self- efficacy is a powerful predictor of academic 
performance. According to the author, every action one could 
take starts in the mind. Thus, “people’s beliefs in their efficacy 
influence the type of anticipatory scenarios they construct and 
rehearse”. 

The work in [28] studied the effect of self-efficacy, 
mathematics, self-concepts, perceived usefulness of 
mathematics, and prior experience with mathematics on the 
prediction of problem-solving. Their study revealed that 
mathematics self-efficacy was the best predictor of problem-
solving. The work did not examine the joint effect of these 
factors because the findings in [29] support the fact that self-
efficacy tends to increase for one with prior experience.  A 
study conducted in [30]  examined the influence of combining 
self-efficacy, mental model, and prior introductory 
programming experience and it was discovered that self-
efficacy of a student with previous programming experience 
tends to increase significantly throughout the programming 
course in the first-year level. 

III. COGNITIVISM AND COGNITIVE FACTORS 
Cognitivism as a learning theory explains how mental 

processes are influenced by both external and internal factors 
to produce learning in an individual. The theory is centred on 
the idea that learning occurs when individuals process 
information they receive, rather than merely responding to 
stimuli as illustrated in Fig. 1. That is, the individual takes in 
the stimulus, processes it in their mind, and then acts upon the 
stimulus, which alludes to the fact that in the cognitive learning 
process, new knowledge is built upon prior knowledge. 
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Fig. 1. The Cognitive Learning Process. 

The mental processes that leads to learning consist of 
several elements of the individual which include attention, 
observation, perception, reasoning, organizing, memory, and 
forming generalizations. These elements or factors represent 
those characteristics of a person that affect the way they learn 
and perform [31]. 

Essentially, cognitive factors are intrinsic characteristics, 
therefore, they cannot be measured qualitatively.  However, as 
learned in the literature, cognitive ability is associated with 
some perceived behavioral attitudes also referred to as 
cognitive predictors. Based on this understanding, the data for 
this study was obtained by measuring students’ perceptions of 
the cognitive predictors that influence performance in 
introductory programming. 

IV. CASE STUDY DESCRIPTION AND METHODOLOGY 
This case study was structured in a manner that allows the 

researches to explore the effect of cognitive factors on a total 
of 20 selected second-year students. The study population was 
then categorized into two subgroups based on the students’ first 
and second semesters average performances in their first year. 
Each subgroup was further partitioned into two equal focus 
groups. To ensure confidentiality and avoid stigmatization, the 
basis of the categorization was not disclosed and neither of the 
two groups knew about the existence of the other. More 
importantly, it was presumed that participants may not be 
willing to give out honest information should they know that 
the investigation equally involves some other students who 
might know them. 

The first subgroup consists of ten students who had an 
average score of less than 50% in their first and second 
semester year one introductory programming. The data was 
officially obtained from the department of information and 
communication technology by one of the researchers who 
facilitates the course. Scores within that range depict a poor to 
fair performance. This categorization condition was intended to 
enable the us to evaluate the students’ perception on how 
cognitive factors may relate to their performance. On the other 
hand, the second subcase comprised of another ten students 
whose average score is 50% or higher. Similarly, this score 
range of identified students of good to excellent performance. 

Because this study investigates a real-world problem, the 
methodology is designed to ensure flexibility in the process of 
gaining concrete and in-depth contextual knowledge through 
two data collection tools – unstructured questionnaires and 
focus group interviews. Qualitative data may be broader and 
richer [32], but it may also suffer the deficit of being less 
precise. Consequently, the strategies of data triangulation and 

prolonged involvement strategies to enhance precision and 
strengthen the validity of the study as outlined by Robson and 
other authors [33] were utilized in the study. Data triangulation 
was achieved by using more than one tool to collect the same 
data on different occasions, which gives the researchers 
multiple perspectives towards the studied population thereby 
providing a broader picture. Also, the study leveraged the 
benefit of prolonged involvement. The long-term relationship 
that already exists between the participants and researchers, 
who are both lecturers in Information and Communication 
Technology Department, enabled the investigators to 
understand how participants interpret terms used in the study 
and created an atmosphere of trust that ensured participants 
spent more time providing data. 

Ultimately, the first phase of data collection involved the 
use of unstructured questionnaires to allow interviewees to 
articulate their thought unrestricted. Then followed by 
unstructured questionnaire with open-ended. The funnel 
interview model was adopted. With this model, the objectives 
of the interview were first presemted and the manner the data 
from the interview would be used was explained. Next, 
participants were asked open questions that then led to specific 
questions around cognitive and cognitive performance factors. 

To ensure quality and engaging interaction and ease note-
taking, the study population was partitioned into four focus 
groups and interviewed each group separately for 15-30 
minutes. By interviewing each interviewee more than once, the 
researchers aim at gathering data that is both detailed and rich 
in context. The patterns that emerged from these interviews 
comprise the bulk of the data collected, transcribed, coded, and 
then qualitatively analyzed. 

V. DISCUSSION OF FINDINGS 
From the data obtained, this study identified five cognitive 

predictors that influence students’ performance in introductory 
programming. This discussion of  this study’s findings are, 
therefore, presented based these factors. 

A. Academic Association 
This study revealed that most students believe that one's 

ability to associate academically with other students has a 
positive impact on academic achievements.  The respondents 
strongly believe in the power of peers assisting each other.  
One respondent even went as far as starting, “I would not have 
pass intro. Programming but not for the support I received from 
my course mate who was very good in programming was my 
greatest nightmare – I felt like dropping out”. 

I can, therefore, be concluded that by helping one another 
in the classroom and outside of it, students are more likely to 
fully understand and remember the topics done in class, 
especially, in the concept of programming which often knew to 
most students. This is strongly supported by literature which 
states that students learn better when they interact as peers. The 
study conducted in [34] studied the impact of peers in 
mastering mathematics. The study concluded that peer learning 
facilitates the process of learning more effectively than a 
normal classroom.  The effectiveness of peer learning was 
further lamented by the study conducted in [35]. Although the 
study came to the same conclusion, but also put a lot of 
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emphasis on the effect of the environment rather than the 
association. 

B. Cognitive Factors 
Current literature widely alludes to the fact that self-belief 

positively impacts students’ ability to execute tasks both in the 
classroom and outside. This finding also applies in the context 
of programming as this study equally supported this fact. Of 
the 20 respondents, 90% of them believed so much in the 
power of self-efficacy. 

A study conducted in [28] found self-efficacy to be a 
powerful driver towards the ability to perform introductory 
programming. Studies in other fields equally corroborate this 
finding. For example, the work in [36], on people working on 
musical projects. The study concluded that employees with 
better self-efficacy performed well in musical projects than 
employees with low self-efficacy. 

However, some respondents were of the view that self-
efficacy alone is not enough to master programming. Some 
respondents thought that hard work should accompany self-
efficacy for success to be guaranteed. On the other hand, some 
respondents viewed hard work as a product of self-efficacy. 
The belief was that once someone has a high self -efficacy, 
automatically they tend to be hard workers hence resulting in 
better performance. Apart from the fact that all respondents 
that performed extremely well in introductory programming 
were found to demonstrate the attitude of self-believe, some 
respondents noted that their performance only started to 
improve when they started believing that they too can learn 
programming. 

Consequently, it can be  infered that programming requires 
a lot of dedicated effort in the form of regular practice and self-
efficacy is key to exercising such dedication. This also 
submission agrees with the study in [37], which concludes that 
self-efficacy is strongly correlated with hard work. According 
to the authors, there is a strong relationship between the level 
of self-efficacy and the effort that students. 

C. Self-Drive to Work 
The respondents frequently indicated that in the course 

such as programming, students need to put more effort into his 
or her work to get good results. They further alluded that 
students who usually perform better are those who spend most 
of their time working on solving programming problems in the 
labs or on their personal computers. Some respondents pointed 
to the laziness as an enemy of success in the computer 
programming course. This denotes that students who are given 
exercises in class and make little or no attempts are likely to 
perform poorly in the assessment that follows thereon while 
those who work hard are likely to do better. The study 
conducted in [26] examining the potential factors affecting 
student success is also in support of the view that the more 
effort a student puts on his/her work, the higher the chances of 
success in a programming course. 

Hardworking was a commonly mentioned term by most of 
the respondents. They believe that a programming course by 
nature is practical. Thus, success requires one to be dedicated 
and learn by doing. The study revealed three concepts that have 
been used interchangeably by respondents, effort, hardworking, 

time spent on programming activities as having a significant 
influence on academic performance. These findings are in 
agreement with those of [27] who also found effort and 
hardworking to have a significant impact on academic 
performance. This is even though their study was examining 
these factors on the success in Mathematics. However, the 
majority of studies have shown a strong relationship between 
mathematics and computer programming due to their practical 
and problem-solving nature. It is therefore it bodes well to 
consider their argument about the findings of this study. 

To improve student performance, the instructors must 
ensure that all students in the programming class are 
encouraged and monitored. Students should be monitored so 
that they do all their given class exercises or tutorials before 
given corrections as that will enforce everyone to practically 
learn. 

D. Motivation 
Motivation has been indicated in the literature to have a 

strong influence on academic performance and performance in 
the workplace. This study also revealed similar results. 
Motivation has been singled-out by almost all respondents as 
the key factor influencing one’s academic performance. 
However, some respondents noticed that motivation does not 
directly influence academic performance. This is in line with 
the study conducted in [27].  The respondents enlightened that 
even the weak student if he or she is motivated is likely to 
succeed in programming. This is because the motivated 
individual has the drive to work hard and if one is motivated 
tend to never give up instead work even harder when faced 
with difficulties in the programming task. Even good students 
tend to perform poorly as the motivation diminishes. 

The findings in [28] concluded that a high sense of self-
efficacy tends motivating students to persevere. Furthermore, 
the authors also concluded that the increased perseverance 
results in the student putting more effort into programming. 

The respondents also pointed out repeatedly that the reason 
for most of the students to drop out of the introductory 
programming course is when students fail the first few 
assessments resulting in them being demotivated. Theories of 
motivation support the view that performance decrease as the 
motivation decreases and increases as motivation increases. 

There are two types of motivation, intrinsic motivation, and 
extrinsic motivation. This study further enlightened that 
extrinsic motivation is variable, tends to change, in the case of 
programming this type of motivation may change as 
difficulties and challenges arise during the course. The 
respondents also pointed out that self-motivation (intrinsic-
motivation) is better than extrinsic motivation. While, self-
motivated individuals who are also known as mastery-oriented 
individuals, they also tend to put more effort when the results 
are not in their favor. 

E. The Love for Technology 
Love of technology, and specifically, computer 

programming was frequently mentioned by most respondents, 
as influencing academic performance in computer 
programming. Studies that examined the relationship between 
computer game playing and success in programming advocate 
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that students who like to play computer games are likely to 
succeed in programming. In this study found that students who 
love programming tend to be self-motivated and seek to 
understand than just doing it for the sake of obtaining a 
qualification. This type of students tends to be hard workers 
and always seek to find more information than what has been 
covered in the classroom. Such students spend time on 
YouTube video tutorials and other online materials hence find 
useful information on their own rather than in the classroom. 
Some respondents further stated that IT was not their preferred 
career path but decided to enroll for it because of desperation. 
These students were found to have very low self-efficacy of 
programming and put very little effort into their work. The 
work in [29] and [30] strongly argues that students who are 
doing courses that are not of their preferences tend to perform 
poorly. 

VI. CONCLUSION 
Educationists and educational psychologists have, for a 

long been investigating the factors that affect the performance 
of students. This paper explored the perception of students on 
the effect of cognitive factors on academic performance. The 
study aimed at addressing the challenge of underperformance 
in introductory programming course at a South African 
University of Technology. The findings of the the study 
showed that students strongly feel that cognitive factors have a 
significant impact on their performance. Whereas most studies 
seem to lay more emphasis on students’ academic history, this 
study suggest that academic performance is influenced by a 
wider range of other interconnected factors. These findings 
have the potential to inform the design of a broad-based 
curriculum that incorporate both social and psychological 
components. Through such inclusions, performance inhibitors 
that stem from psychosocial factors can be addressed. 

However, this study has limitations which are 
acknowledged as follows: geographically limiting the study to 
one institution as well as focusing only on ICT students may 
have effect in generalizing the results. Therefore, an 
investigation of more varied populations of universities and 
programs need to be conducted to improve the quality and 
validity of the results. That due to the delineation of this study, 
there was no comparative analysis with other similar methods. 
However, such an analysis has the potential to trengthen the 
possibility of generalization. Therefore, the future study from 
this work will focus on using existing frameworks to compare 
the methods adopted in this study to others in the current 
literature. 
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