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ABSTRACT Globally, the increased demand for engineers is not matched by an increase in graduates.
This is further exacerbated by the fact that student dropout rates in engineering are higher than in other
disciplines. Understanding engineering students’ performance patterns and potential influences can lead to
developing interventions to improve engineering students’ success. Recent advances in data science and
educational data mining have made it possible to extract valuable information from historical data, which
can supplement interventions. This study sought to extract insights and information from real-world data,
analyse correlations in the dataset’s variables and better understand the influences of student performance.
Exploratory data analysis was applied to the dataset to visualise the dataset and infer the correlations between
variables provided in the dataset on student performance patterns. We used Python for data analysis and
visualising the correlation between variables. The results show gender disparity in engineering enrollments,
with only a quarter of female students enrolled. The study also indicates that the completion rates could
be much higher. Another finding is that most students who drop out do so because of choosing the wrong
qualifications. Furthermore, when comparing the percentages, female students performed slightly better than
their male counterparts. The correlation analysis shows no relationships between gender, race, admission
point score, mathematics marks and science marks with student performance in engineering. Understanding
student performance patterns can reduce dropout rates by correctly advising students to enrol on the most
suitable programmes, and aid support interventions are needed to improve student success in engineering.

INDEX TERMS Engineering education, exploratory data analysis, extended programmes, mainstream
programmes, student performance.

I. INTRODUCTION
Research has shown an increasing need for more science,
technology, engineering, and mathematics (STEM) gradu-
ates to satisfy the demand for these skills in the global
economy [1]. Worldwide, concerns have been over declining
STEM qualifications enrolment and economic growth’s
adverse effects [2]. Africa has been trying to overcome a
significant engineering skills shortage [3]. Engineering is
uniquely positioned to contribute to some of the United
Nations Sustainable Development Goals (SDGs), such as
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water, energy infrastructure, and agricultural technologies
that support food security and biomedical technologies to
reduce the disease burden [4].

The educational sector in Africa has suffered many
setbacks due to underdevelopment, financial hardship, insuf-
ficient budget and corruption [5]. Despite increased funding,
the education sector in South Africa still needs to produce the
necessary skills required by the labour market [6]. In South
Africa, the higher education sector consists of public and
private institutions. Recently, there has been considerable
growth in enrolments at public higher education institutions
(HEI) due to increased funding by the government. Student
academic performance in higher education is researched
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extensively to tackle academic underachievement, increased
university dropout rates, and graduation delays, among other
tenacious challenges [7]. The ability to accurately predict
students’ academic performance is crucial because it affects
admission decisions that HEIs make towards providing better
educational services [8]. HEIs can identify and detect patterns
based on statistical analysis [9].

Data mining tools can be used for multiple purposes, such
as analysing student characteristics and predicting several
outcomes, such as transferability, choosing elective courses,
choosing the right career path, reducing student dropout
rates and succeeding based on the student’s performance in
high school [10]. Once students’ needs have been identified,
instructors can implement intervention strategies to arrest the
situation [9]. Student dropout is a critical issue that requires
global analysis. Student dropout wastes resources and even
affects the evaluation processes of educational institutions.
Studies have shown that engineering students’ dropout rate
is higher than in other disciplines [11]; [12]; [13]. Thus, there
is a clear need to understand student performance patterns
and to identify the factors that influence student performance,
especially in engineering.

South Africa faces several problems in engineering
education, such as equality of access and success for black
African students, inclusion, studying costs and dropout of
academically eligible students [14]. One study analysed data
from the 2005 student cohort registered for a bachelor’s
degree in engineering provided by the South Africa Council
on Higher Education (CHE). This analysis showed that
only a quarter of the students completed the degree in the
required time of four years, almost a fifth (19%) finished
in five years, and more than half (55%) completed the
degree after six years [15]. A similar study focused on the
results of the 2009-2013 cohorts of engineering students
at the University of Johannesburg, precisely the mining
engineering degree. The study found that common factors
were identified as to why some students failed or took longer
to complete a degree; these were grouped into socioeconomic
and essential education/student readiness factors. The survey
revealed that the average graduation rate of the institution
was 40% [16].

Several measures have been implemented to increase
student success, such as bridging, foundation and extended
curriculum programmes. The background for these pro-
grammes recognised the need for more high-quality graduate
output in South African higher education [17]. In 2006,
foundation programmes were combined with the mainstream
first-year courses into the extended curriculum model,
which meant that the first year was spread over two
years [18]. The bridging programmes aim to improve
inadequate secondary education preparation for university
students [19]. In contrast, the foundation programme seeks
to lay an academic foundation for subsequent study. Several
courses make up a foundation programme, which ensures
accreditation for specific modules added to the first year of
study [15].

An extended programme is one in which a qualification’s
minimum completion time is increased with a slightly differ-
ent curriculum. Such a curriculum gives students more time
while including developmental courses [20]. The extended
programme offers an alternative curriculum framework and
closure of articulation gaps [21]. The powerful feature of
giving students more time for tuition is central to the
bridging, foundation, and extended curriculum programmes.
This is because underprepared students need more time and
should be given more tuition if they want to succeed at
university [19].

The South African government has been proactive in
developing the engineering profession in the country. In 2001,
the Department of Education unveiled the National Plan that
restructured higher education by re-grouping 36 universities
and technikons into 23 HEIs [22]. The National Plan,
among others, introduced a Bachelor of Technology (B
Tech) degree. This requires a year of academic work
after receiving the diploma, and such graduates are called
‘‘engineering technicians’’. TheBTech ismore pragmatically
oriented than the Bachelor of Science because of the
experiential education component of the National Diploma
(N Dip) [23].

Exploratory data analysis (EDA) is a methodology that
employs various techniques to maximise understanding of
the data, uncover underlying structure, extract important
variables, detect outliers and anomalies, test underlying
assumptions and develop suitable models. It is a powerful
framework for having a big picture of a phenomenon [24].
EDA is used to summarise, visualise and understand data
through graphical representation and serves as the foundation
for further statistical analysis. Its purpose is to examine
the data for distribution, outliers, and anomalies. EDA is
also used to explore interrelationships between variables and
identify interesting subsets of observations [25]. EDA is
intended to support the analyst’s natural pattern recognition.
EDA has gained considerable traction as the benchmark for
analysing datasets. EDA visualises, plots, and manipulates
data without assumptions that help assess data quality and
build [26].

Research has been conducted on student academic per-
formance, with much of this research being based on
surveys of students’ cohorts as they progress through their
studies [27]. Although this work has been valuable in
formulating and validating theories about student academic
performance, the practical utility of survey-based approaches
has been questioned based on the need for more accuracy,
generalisability of results, and the high cost of conducting
such studies [28]. Maphosa et al. noted that using actual
data to investigate student performance issues represents a
growing research area on which researchers and practitioners
can focus. This study uses real student data from the
UJ to explore student performance patterns in engineer-
ing [29]. There needs to be a greater understanding of
the factors that influence student success in engineering
and a need to use exploratory data analysis to extract
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insights from educational data, particularly in developing
countries.

The proposed approach is based mainly on EDA, an ele-
mentary technique that lets the data speak for itself. It uses
Python’s powerful and versatile data analysis ecosystem to
enrich EDA with appropriate and convenient graphical ways
to visualise results. The study’s main contribution is using
real-world data to understand student performance patterns
and the potential influences thereof. The research objectives
for this study are to determine the student performance
patterns in engineering and identify any correlations between
the different variables provided in the dataset. Based on these
objectives, below are the research questions for the study:

• What are the student performance patterns in main-
stream and extended engineering programmes?

• Are there any correlations between the different vari-
ables provided in the dataset and student performance
in engineering?

The remainder of the paper is structured as follows.
Section II provides the context for the study case, the
UJ. Section III presents the data and methods employed
in the study. Section IV presents the results of this study,
and Section V discusses the implications of these findings.
Section VI wraps up the paper’s discussion and suggests
additional research.

II. CONTEXT
There are 26 public universities in South Africa (Universities
South Africa, 2022). This study is based on data about
engineering students from the UJ, a university located in
the most populated city within the most densely populated
province of the country, Gauteng. Gauteng has the country’s
most prominent university student population [30]. UJ was
officially launched on 1 January 2005, resulting from a
merger of the Rand Afrikaans University, Witwatersrand
Technikon and the twoVista campuses of Soweto and the East
Rand [31]. UJ was chosen as the case because it is a medium-
sized university with about 50 000 students, making it one of
the largest contact universities in South Africa.

In 2001, the University of Johannesburg (UJ) implemented
a bridging programme that accepted students rejected from
any N Dip in Engineering programme because they needed
to meet the entry requirements. However, one of the
requirements for continuing engineering studies at the UJ
after completing the bridging programme was that students
could not repeat the programme or fail any of the six courses
offered [18]. In 2007, the UJ instituted the Engineering
extended curriculum programme and phased out the foun-
dation programme [18]. As in the bridging and foundation
programmes, the Senate ruling that required all subjects to
be passed had to be removed as required by the Department
of Education. If they failed their first year, students admitted
to the extended curriculum N Dip in Engineering were now
permitted to repeat [18].

The Faculty of Engineering and the Built Environment
(FEBE) at theUJ offers engineering technology and engineer-

ing science undergraduate and postgraduate programmes.
FEBE has five centres, 12 departments and a Postgraduate
School of EngineeringManagement [32]. Engineering Coun-
cil of South Africa (ECSA) is a signatory of the Dublin,
Sydney andWashington Accords, an international agreement
among bodies responsible for accrediting engineering degree
programmes. The (Bachelor of Engineering) B Eng and
Bachelor of Engineering Technology (B EngTech) degrees
offered by FEBE are registered with the ECSA.

The graduates for the N. Dip become technicians, the B
EngTech graduates become technologists, and the B Eng
graduates become engineers. BEngTech aims to become
more ‘knowledge professionalised’ to enable technical
specialisation following on-the-job training, experience,
and clarification in postgraduate research programs. The
N Dip programme is characterised by contextual rele-
vance to emphasise more task-specific knowledge. The B
EngTech’s insistence on continuous professional develop-
ment, as opposed to N Dip graduates’ emphasis on job-based
skills and knowledge of situations and procedures [33].

III. DATA AND METHODS
This study used a descriptive, exploratory data analysis on
quantitative data obtained from UJ’s Institutional Planning,
Evaluation and Monitoring department. Ethical clearance to
use the data was obtained from FEBE (ethical clearance
number - UJ_FEBE_FEPC_00685) and the Research and
Innovation Team within the university.

A. DATASET OVERVIEW
The dataset is about students registered for the 2016 and
2017 academic years studying towards NDip and B Eng Tech
qualifications in civil, electrical, industrial, and mechanical
engineering. The dataset included registration data such as
date of birth, race, gender, marital status, ethnicity and the
student’s home location (urban or rural). It also contained
registration data such as the academic year and qualification,
whether the student was on the extended programme, whether
the student had cancelled their registration, the student’s final
result, and the study period at the start of the academic year.
Also, the dataset contained student entry data – admission
point scores (APS) and the student’s previous activity.
In South Africa, APS determines if a student qualifies for
a particular programme. APS is calculated using matric
(high school leaving grade) subject marks. The dataset also
contained performance data that included graduation year
and the years it took to complete the qualification for
students who had completed their studies for the B Eng Tech:
Engineering: Electrical degree. Each student’s record was
analysed individually for this degree to determine whether
they graduated within the minimum time required.

B. DATASET CLEANING AND CODING
The initial dataset contained sheets with the 2016 and
2017 student registration data with 4 242 records and the
matric data with 8 662 records (mathematics marks and

VOLUME 11, 2023 48979



M. Maphosa et al.: Student Performance Patterns in Engineering at the University of Johannesburg

TABLE 1. Variables retained in the dataset.

science marks from high school). Non-numerical data in the
dataset was coded numerically to allow analysis. There were
no duplicates in the registration dataset when analysed per
academic year.

The matric dataset was cleaned by removing duplicates
in the dataset. Using student numbers, mathematics and
physical science marks were merged into the student
registration data using Python’s merge functionality to create
a combined dataset. The left merge was used to retain all
the information for students in the registration data with the
mathematics and physical science marks. Where students’
mathematics and science marks were available, these were
linked to the student’s registration data. Table 1 shows a
description of the variables retained in the final dataset. Fig. 1
shows the summary of the final dataset that was analysed.

C. MISSING DATA ANALYSIS
The quality of data analysis depends on the data used.
Analysing the data quality to checkmissing values is a crucial
and fundamental stage in EDA. Situational awareness can be
developed from the overall quality of the data, which can be
instructive and help improve data analysis by recognising and
accounting for these data gaps. Knowing a data set’s patterns
and missing data landscape can help determine how to
handle missing data in subsequent analysis steps. The Python
package missingno is designed to help users visualise data
set completeness and understand missing data [34]. Fig. 2
provides a summary of the missing data. As shown, values
are missing for three variables – marital status, APS, and
location. The left axis shows the ratio of missing values. The
top values indicate each variable’s total number of instances
at the bottom.

A correlogram in Fig. 3 presents nullity correlations when
analysing missing data. This correlogram, also created with
the missingno package, aims to illustrate how one variable’s
presence or absence influences another’s presence or absence.
Nullity correlation in the map ranges from -1 to 1, with values

FIGURE 1. Final dataset summary showing the variables extracted from
the initial dataset and the values for each variable.

FIGURE 2. Bar chart depicting missing data.

closest to -1 denoting a negative correlation, values closest
to 1 indicating a positive correlation, and 0 representing no
nullity correlation. The graph excludes variables that are
either always empty or have no missing data [34]. Variables
with no missing data or always open are omitted from the
chart. As shown in Fig. 3, a positive relationship exists
between APS scores, mathematics marks, and science marks.
This is expected, as mathematics and science marks are used
to calculate APS scores. APS and location have a moderate
positive correlation. The map shows no nullity correlation
between mathematics marks and science marks.

Analysing the available data as if there are no missing
data can produce biased results when there are missing
data [35]. Although standard imputation methods perform
worse than simple listwise deletion (if one value is missing
in that row, the whole row is excluded), handling missing
categorical data with imputation still requires a careful
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FIGURE 3. Nullity correlation heatmap.

approach because little is known about the mechanism of
underlying missing data [36]. This analysis showed that the
target data are generally of good quality. Because imputation
methods for categorical missing data are pretty complex and
are separate from EDA, exploratory research can proceed
without requiring a rigorous strategy for handling missing
data.

IV. RESULTS
In this section, an exploratory analysis of the dataset is
performed. We used various EDA techniques to analyse our
datasets and visualise the results to evaluate engineering
students’ performance. We set up several Python pack-
ages, including Pandas, Seaborn, Matplotlib, Missingno and
Matplotlib.

A. EXPLORATORY DATA ANALYSIS
The purpose of EDA is to provide an overview of the
dataset’s structure and students’ performance. Fig. 4 shows
the distribution of the dataset in terms of gender, the
academic year of registration, whether students enrolled for
the extended programme, and if students cancelled their
qualifications. As shown, male represents three-quarters
of the dataset. This aligns with prior findings that show
that African women are underrepresented in engineering
programmes across the African continent [37].

Regarding the academic year of registration, 51% reg-
istered in the 2016 academic year and 49% in the
2017 academic year. 42% of students were registered for
the extended programmes, and 58% were on the mainstream
programmes. 5% discontinued their studies in the 2016 and
2017 academic years, with the remainder continuing their
studies. Analysis of the reasons for cancelling shows that
the highest reason was that students made a wrong choice in
the qualification registered for, accounting for 30%, followed
by personal problems accounting for almost 18%. Change of
qualifications accounts for 16% and administrative for 14%.
Adaptation problems, deceased students, financial and health
problems, working circumstances, transfer and completed
qualifications combined accounted for almost 23% of the
reasons for cancelling.

FIGURE 4. Dataset summary showing students’ gender, the academic year
of registration, whether students enrolled for the extended programme,
and whether students cancelled their studies.

B. ANALYSIS OF STUDENT PERFORMANCE IN
MAINSTREAM VS EXTENDED PROGRAMMES
Table 2 compares the mainstream programmes with the
extended programmes in terms of qualification, level of
study and final result for the year. The N Dip qualifications
dominate, accounting for just over 87%, and the B Eng Tech
accounting for about 13%. When comparing student registra-
tions between the mainstream and the extended programmes,
the data show that more students enrolled for the mainstream
in all programmes except the industrial engineering for the
B Eng Tech and the N Dip. Regarding the level of study,
there weremore registrations for themainstream programmes
compared to the extended programmes. The mainstream
programmes have no fourth level because these are three-year
qualifications.

The registration numbers are almost the same for the
2016 and 2017 academic years for both the mainstream and
the extended programme, as shown in Table 2. The gender
distribution also indicates that males dominate, with almost
79% for the mainstream programmes and just over 70% for
the extended programme. Analysis of the results shows that
nearly 22% of students in the mainstream had completed their
studies compared to 15% in the extended programme. Just
over 64% of students in the mainstream were continuing with
their studies compared to 54% in an extended programme.
There is a similar trend for ‘no re-admission’, ‘no result’ and
‘no/slow progress’ for both the mainstream and the extended
programmes.

As shown in Table 2, in terms of the study period,
students enrolled for the third year of their studies dominate,
accounting for 32%, followed by second years with over
30% and first years with over 28%. Fourth years are the
lowest representing 9.5%. This is understandable, as only
extended programmes have the fourth year of study. Analysis
of the result grouping shows that by August 2022, 19%
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TABLE 2. Comparison of the mainstream and extended programme stats.

of students had completed their qualifications, and 58.5%
were continuing their studies. Similarly, 5.2% of students
were not readmitted due to poor performance, 4.9% did not
have results, and 12.4 had no/slow progress. Most students
in the ‘no/slow progress’ category needed experiential
training, followed by students awaiting special exam marks
to continue.

When comparing the no-re-admission and the continuing
studies categories students, there is an almost equal distribu-
tion between the mainstream and the extended programmes.
There is a similar trend in the no result and the no/slow
progress categories, with the mainstream accounting for over
60% and the extended for almost 40%. As expected, the
mainstream dominates the obtained qualification category
because the extended programme is a year longer than the
mainstream programme. The most common reason for the
no/slow progress is students with incomplete or outstanding
experiential learning, accounting for 93.1%, followed by
students having failed a module twice, accounting for 4.2%
and then students’ progress depending on results for a
supplementary or special assessment. At UJ, although the
university undertakes to assist students in obtaining suitable
experiential learning placements at approved companies,
it is the student’s responsibility to get appropriate expe-
riential learning placements at approved companies. After
completing each level of experiential learning, the students
must ensure that they hand in all the documented evidence
of their having finished their experiential learning; this
should be done according to the submission dates stipulated
by FEBE [38]. The high percentage could be due to

students needing help finding or completing experiential
learning.

A boxplot graphically portrays a continuous variable’s
distribution and shows how a continuous variable varies
between groups. Boxplots show a dataset’s first, second,
and third quartiles, interquartile range, and outliers. The
median is indicated by a line dividing the box. The position
of the box’s dividing line serves as a visual representation
of the distribution’s symmetry and skewness; symmetry
happens when the line splits the box into two halves, and
skewness occurs when one half is larger than the other [39].
The minimum, the 25th percentile, the median, the 75th
percentile, and the maximum are displayed in a box plot.

Fig. 5 compares the APS showing the APS for mainstream
programmes (N) and extended programmes (Y) in a boxplot.
The tails are of the same length, indicating that there is no
imbalance in the dataset. A sample from a normal population
should have whiskers roughly the same length as the box or
slightly longer. As can be seen, the whiskers are longer than
the box. Students on the mainstream programme have higher
APS values, with outlier APS in the lower adjacent values.

The outliers on the higher adjacent values for the APS
values for students on the extended programme indicate
that students with higher APS values also choose to do the
extended programmes. The outliers on the lower adjacent
values for the APS values for students on the extended
programme indicate the acceptance of students who have
gone through alternative pathways. These include students
with low APS scores and enrolled for the National and Tech-
nical Education Department’s Nated (N3, N4, N5 and N6)
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FIGURE 5. Comparison of the APS for students enrolled for the
mainstream (N) and extended (Y) programmes.

FIGURE 6. Comparison of the APS obtained by male (M) and female
(F) students using gender.

qualifications at Vocational Education and Training (VET)
institutions. Although in a limited capacity, universities
and VET institutions collaborate to create alternatives that
colleges or universities can offer to act as entry points into
university programmes [40].

Using a boxplot, fig. 6 compares the APS values for
male (M) and female (F) students. As can be seen, for male
students, the potential outlier is picked out in the boxplot,
with outlier APS values in both the lower and upper adjacent
values. The fact that the upper outliers are not all that much
higher than the highest APS value and the lower outliers
are not all that much lower than the lowest APS values
suggests that these values have no significant issues. These
APS values are for students who got admitted to the extended
programmes. Male students’ median APS scores are more
significant than female students. The interquartile and overall
ranges are reasonably similar, as depicted by the lengths of
the boxes.

Table 3 compares the academic performance of male and
female students. The results show that over 21% of female
students had completed their studies compared to 18% of

TABLE 3. Academic performance of male and female students.

male students. The statistics for those continuing their studies
are almost the same, with males having 58% and females
having 59%. There is a similar trend for ’no re-admissions,
‘no result’ and ‘no/slow progress’ for both the mainstream
and the extended programmes.

C. ANALYSIS OF GRADUATION RATES
The dataset contained graduation information for students
registered for the B Eng Tech in Electrical Engineering.
Table 4 analyses the statistics for students who completed
their qualifications. Of the 141 students enrolled in the
2017 academic year, only 70 completed their qualifications
by the end of the first semester in 2022. After three years,
13.5% of students had completed their qualifications, and
regarding gender, 13.4% of males and 13% of females had
completed their qualifications. After four years, 30.5% of
students had completed their studies – 28.6% males and 39%
females. After five years, 46.8% of students had completed
their qualifications – males (42.9%) and females (65%).
By the end of the first semester in 2022, 49.6% of the
students had completed their qualifications, with females
accounting for 22.9% and males 77.1%. When comparing
the mainstream and the extended programme graduation rate,
it is clear that the mainstream students account for just over
71% of all students who graduated and 35.5% of all students
registered for the qualification.

Fig. 7 compares the APS scores with the total years
to complete the qualification. One would have expected
students with lower APS to take longer to complete their
qualifications than those with higher APS. As can be seen,
there is no correlation between APS and the time taken to
complete qualifications. There is an equal representation for
the students with low, medium or high APS scores in the
students who took three, four, five or six years to complete
their qualifications.

D. CORRELATION ANALYSIS
A stable or positive relationship occurs when higher values
of the first variable correlate with higher values of the second
variable, and lower values of the first variable correlate
with lower values of the second variable, indicating a stable
or positive relationship. Higher values of the first variable
correlate with lower values of the second variable giving a
positive correlation. In comparison, lower values of the first
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TABLE 4. B Eng Tech Engineering: Electrical Completion Statistics.

FIGURE 7. A comparison of APS obtained by students versus the years
taken to complete qualifications.

variable correlate with higher values of the second variable
(scores decrease from left to right). Often the linearity or non-
linearity of the relationship is essential. A linear relationship
exists when the second variable changes proportionately to
changes in the first variable.

We visualised the correlation grid created using a heat
map using the Python Pandas corr() function to obtain
correlations. Fig. 8 shows the correlation matrix with the heat
map. The blue shades indicate a negative correlation, while
the red shades indicate a positive correlation.

The correlation heatmap shows a strong positive relation-
ship between mathematics and high school science marks.
This finding suggests that students who do well in one subject
also do well in the other subject, as shown by the score of
0.65. A moderate positive relationship exists between APS
and the science mark (0.58) and a low positive relationship
between APS and the mathematics mark (0.46). When
comparing the various variables against student performance
(result), the correlation map shows a negligible relationship,
as shown by a correlation of less than 0.30. The correlation
between the period of study and the result was 0.28. The rest
of the correlations were very low, less than 0.10. Overall,
the data suggest no relationships exist between gender, race,

FIGURE 8. Heat map showing the correlations among the dataset
variables.

APS, mathematics mark, science mark and previous activity
with performance in engineering (result).

V. DISCUSSION
Globally, the increased demand for engineers is not matched
by an increase in graduates. This is further exacerbated by the
fact that student dropout rates in engineering are higher than
in other disciplines. Understanding engineering students’
performance patterns and potential influences can lead to
developing interventions to improve engineering students’
success. While noble, the use of survey data can lead to
biases. There is a need to use actual data to understand
issues in engineering education [29]. There are many
new opportunities to gain meaningful empirical evidence
from data, and commercial and social scientific research
is analysing enormous data sets more frequently. This
study focuses on understanding the engineering students’
performance patterns at a medium-sized university, the UJ,
with an average student record size, which has never been
explored in the educational or learning analytics domain.

The study’s findings show that there is still a wide
gender disparity in enrolment in engineering, with three-
quarters of male students. Exploring the results in more
detail reveals some interesting gender differences. While
females’ admissions rates in engineering are less than that of
males, females performed better than males when comparing
the completion rates of one qualification. The issue of
gender disparity in STEM has been a focus area in research.
Research has shown that the weight of evidence no longer
supports that gender disparities result from differences in
innate ability. Instead, gender differences in STEM appear
to result partly from differences in perceived values and
opportunities in environments and from general implicit and
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explicit biases that shape perceptions of those values and
environments [41]. Knowing the root causes of women’s
underrepresentation in admissions would enable targeted
corrective measures to be implemented. Similar measures
can be used for reasons to increase female participation in
engineering.

Analysis of the reasons why students cancelled (dropped
out) shows that almost a third of them dropped out because
of choosing the wrong qualifications. Another study showed
that the wrong choice of qualification, workload issues
or academic difficulties contributes most strongly to the
decision to drop out [42]. Inadequate guidance and education
are cited as factors leading to or dropping out of engineering
and emphasise the need to improve risk management through
guidance in design program selection and identification [43].
In the South African context, a suggestion has been made
to create opportunities for career guidance and screen
students before the final acceptance to prevent students from
choosing the wrong qualifications [16]. The availability of
data and advances in educational data mining initiatives
makes it opportune to develop a recommender system that
can reduce the problem of selecting the wrong qualifica-
tions by recommending the most suitable qualifications to
students.

Analysis of the students with no/slow progress shows that
93% had incomplete or outstanding experiential learning
documentation, leading to their inability to complete their
studies or to graduate. Experiential learning, or learning
through experience, is often defined as the opposite of
traditional or didactic learning, where students are relatively
passive in listening or reading about the experiences of others.
In design, a similar concept is often expressed by active
learning, learning by doing, or hands-on learning, which
refers to the student’s active role [44].

The study found that regarding the students who
completed their qualifications, those on the mainstream
performed slightly better than those on the extended
programme. This could be because, by nature, themainstream
programme attracts stronger students than the extended
programme. An earlier study found no marked differ-
ence in the student’s performance in mainstream and
extended programmes [45]. This indicates the success of
extended programmes. Although the programmes have lower
entrance requirements than mainstream programmes, they
are still considered inferior, and students are frequently
stigmatised [46].

The study’s findings regarding graduation rates show that
only about 14% of the 141 students enrolled for the B
Eng Tech in Electrical Engineering had completed their
qualifications in the minimum time of three years. After
six years, only about half of the enrolled students had
completed their qualifications. This finding is similar to
an earlier study that showed that South Africa has one of
the lowest graduation rates in the world at approximately
15% [47]. A survey of the graduation trends in South African
engineering students showed that students who graduated on

time obtained many credits in their first year. Such a result
suggests that universities should consider providing academic
and financial support [48].

There is an assumption that past student performance
determines future performance. This is only sometimes
the case, as social factors could have influenced past and
future performance [49]. The relationship between entry
requirements and students’ performance has been a subject
of interest even in engineering education. Past research
has shown that core-course academic variables are critical
in determining engineering education success (retention
and graduation). Ghani and Mohamed found a moderate
correlation between entry requirements and students’ perfor-
mance [50]. Odukoya et al. found a weak correlation between
entry requirements and student performance [51]. The data
analysis revealed that no relationships exist between gender,
race, APS, mathematics mark, science mark and previous
activity with performance in engineering (result). This
finding is consistent with the previous research that found
no significant relationships between entry requirements and
student performance.

The results from this study should be considered in the
context of the study’s weaknesses. The study identifies
correlations but not causal relationships between academic
variables and student performance in engineering and does
not consider non-academic factors. Further research is
required to demonstrate causation and consider these other
aspects. The study also used EDA instead ofmachine learning
algorithms because it aims to analyse and understand datasets
to find patterns, relationships, and insights. EDA is often done
before applying machine learning algorithms to a dataset.
More variables are necessary to increase the reliability of
the findings and identify the causal mechanisms underlying
the relationship between different variables regarding student
data. The other limitation of this study is the use of the
2016 and 2017 cohorts and, thus, needs to reflect more recent
trends in engineering education. Although a restriction, using
the 2017 cohort allowed us to track graduation rates until
2022 for one specialisation. The dataset did not contain
information about application choices. Therefore, it was
impossible to track if the student were placed within their first
choice. Future research could focus on a more recent cohort.
Furthermore, there is merit in investigating the influence of
first, second or third-choice admissions on performance in
engineering.

Future research may also examine non-traditional routes
into engineering, such as vocational training, and the
effects of extracurricular activities and other non-academic
activities on student performance. Studies may consider
motivation, personality, and study habits as non-cognitive
factors affecting students’ success in engineering. It might
also look into the use of interventions like peer support or
mentoring programmes as a way to help students succeed.
To make the results more generalisable, the study might also
be broadened to cover a more extensive and varied sample of
students.
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VI. CONCLUSION
An EDA method for identifying patterns in engineering
education student performance has been presented in this
paper. The study has achieved its research objectives of
determining student performance patterns and identifying
any correlations between the different variables provided in
the dataset. We presented an exploratory data analysis of a
dataset of B Eng Tech and N Dip programmes in engineering
for the 2016 and 2017 cohorts at UJ. Because the visual
representations are light and easy to understand, the results or
outputs produced in the form of graphs can make it easy for
anyone to understand information about the current situation.
We also showed that our findings agree with the previous
methods presented in the literature.

The research results confirm the general trend that there
is a gender disparity in enrollment figures in engineering.
Looking at the results in more detail reveals some interesting
gender differences. Although women’s enrollment rates in
engineering are lower than men’s, women perform better than
men. Analysis data shows that almost a third of students drop
out due to choosing the wrong qualifications. There is, there-
fore, a need to offer better career guidance and counselling
to reduce the number of students dropping out because of
choosing the wrong qualifications. A recommender system
can reduce the challenge of choosing the wrong qualifications
by recommending the most appropriate qualifications to
students.

The study noted that students needed help completing
experiential learning, a qualification requirement. This could
be due to the impact of COVID-19, which restricted
access to workplaces, meaning students needed help finding
companies to complete the experiential learning component.
Therefore, universities need to be proactive and rethink the
experiential learning requirements during and after the impact
of pandemics to ensure that students are not affected by
factors beyond their control.

Students on the mainstream programmes performed
marginally better than those on the extended programmes.
This might be the case since mainstream programmes attract
more capable students than the extended programme. HEIs
must address issues around the stigmatisation students face
on the extended programme to ensure that the programme
is still attractive to students. Maintaining high engineering
enrolment means extended programmes are critical in this
endeavour. The study confirms that South Africa’s graduation
rates are still low, and interventions are needed to increase
this. The availability of extensive data and advances in
machine learning and educational data mining presents an
opportunity. The study’s findings are consistent with the
previous findings that there is an insignificant correlation
between the entry requirements and academic performance.
Understanding student performance patterns on its own may
not be necessarily helpful for sustainable and impactful
impacts in improving student performance in engineering.
Student performance patterns must be used to design and
better understand student support interventions. The fact that

30% of students that cancelled their studies did so because
they had chosen the wrong qualification shows a need to
advise students better.
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