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Abstract. One of the most worrying aspects for students, when they
enroll in universities, is how they will perform and whether they will
finish their degrees on time if they will even finish the degree at all. Stu-
dents may, however, fail to complete their studies on time or at all for a
variety of reasons, including but not limited to biographical background,
academic obstacles, and enrolment status. Another massive assignment
is to discover the possibilities of whether or not the student will be suc-
cessful or not earlier than the beginning of the educational year. The goal
of this study is to forecast student performance by utilizing biographical
history and enrollment observations so that the likelihood of a learner’s
success can be determined early. Identifying the likelihood of a learner’s
success or failure earlier will allow us to provide students with relevant
support to boost their chances of success. It will also assist in recom-
mending a course in which the student is more likely to succeed. In this
study, predictive machine learning approaches such as SVMs, logistic re-
gression, decision trees, KNN, Naive Bayes, Decision trees, and random
forest were applied. SVMs outperformed all other classifiers with an ac-
curacy of 95.56%. By considering the students’ biographical background
and enrolment statuses, this study argues for a more nuanced view of
forecasting vulnerable learners.
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1 INTRODUCTION

The research of forecasting student success using biographical variables, pre-
college observations, and enrolling data is introduced in this chapter. The prob-
lem statement, related work, purpose statement, overview of techniques, contri-
bution, results in summary, and overall report structure will all be discussed in
this chapter.

1.1 Problem statement

For many students, student performance has been a major concern. For most
students, getting a spot at a university is a life-changing experience, with many
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students picking a course only because they heard it pays better. The sad reality
is that the majority of students who are accepted into university programs do
not complete their studies owing to a lack of academic ability or performance in
their field of study [1].

1.2 Purpose Statement

The major goal of this research is to create a system that is capable of accurately
predicting a student’s likelihood of success in a given set of disciplines based on
various background and enrollment data. Throughout their studies, students
are anxious about the success of their degrees. Having a system that predicts
student performance would help students determine how much they need to
invest in order to ensure their success [1].

1.3 Related work

Several studies have been conducted to predict student performance. A study
conducted by Osmanbegovic [2], Kabakchieva [3] and Minaei-Bidgoli [4], data
mining technologies were used to predict student performance. A study con-
ducted by Elbadrawy [5] used personal data to predict students performance by
the application of machine learning algorithm logistic regression. A study con-
ducted by Ajoodha[1] used features of the learner’s background, personality, and
school to predict student performance using several machine learning algorithms.

1.4 Methodology

Several machine learning models were utilized to predict student performance
in this study. The synthetic data included biographical information, pre-college
information, and enrollment information. Highest risk, high risk, lowest risk, and
medium risk are the four risk categories for the response variables. SVMs (Sup-
port Vector Machines), Random Forest, Decision Tree, Naive Bayes, Logistic
Regression, and KNN (The k-nearest neighbors) were among the machine learn-
ing models utilized. Accuracy, confusion matrix, precision, recall, and f1-score
were used to evaluate the models.

1.5 Results

After applying all of the models for this investigation, SVMs outperformed all
other models with an accuracy of 95.54%, precision of 96%, recall of 96%, and
f1-score of 96%.

1.6 Contribution

This project will add to current knowledge by developing a model that can pre-
dict learner risk status before completing a certain course of study and comparing
aspects that are more successful in predicting student performance.
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1.7 Overview

In chapter 2 we will be discussing literature review in details, Chapter 3 will
focus on the methodology of this study including evaluations,in chapter 4 we
will discus the findings of the research and chapter 5 will be the conclusion of
the report and some future work recommendations.

2 Related work

Students that participate in a students success course have a higher chance of
succeeding than students who do not participate in a students success course
[6]. Students success courses assist students in making a smooth transition from
their previous level of education or experience. This may be a group of students
ranging from high school to post-secondary education. Students enrolled in stu-
dent success courses accounted for 68% of students who graduated in record
time,indicating that students enrolled in students success courses have a better
chance of succeeding. However, some students succeed despite not being enrolled
in students success courses [7].
By 2000, just over 20 percent of women had earned a bachelor’s degree in engi-
neering, but that number has since dropped dramatically. According to the re-
sults, students who drop out of engineering while maintaining reasonable grades
had high grades in high school and showed less interest in the subject [8]. These
students may have been encouraged to study engineering by family members,
but they ultimately chose to pursue other interests, according to the findings [9].
Students who switched majors after a poor performance in engineering, on the
other hand, appeared to have high hopes for the course, which could have been
affected by the possibility of financial benefits in post-graduate studies or jobs
[10].
First entering students are at the highest the possibility of dropping out during
the first semester of study or failing to complete their program/degree on time
in all institutions of higher learning [8]. The majority of students are between
the ages of 30 and 40, with more than 68% of students being over 30. This age
category is also associated with a higher likelihood of failing the course, with
a rate of students failing the course of 37.7%, which is higher than the overall
percentage of students failing the course in the student population (38%) [11].

Adelman looked at data from the NCEs’, the sophomores cohort study was
a 13-year study that followed a group of sophomores from high school to college
[12]. In high school, choosing advanced math and science courses was related to
obtaining an engineering bachelor’s degree, according to the report. Engineering
majors were more likely to be pursued by students that have a high average
academic performance and quantitative score’s test than their lower performing
peers. Students with superior overall academic performance and standardized
students with higher exam scores were more likely to pursue engineering majors
than their less-achieved counterparts; students who studied engineering for the
love of it were more likely to excel than those who pursued it for the sake of
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higher pay after graduation [10].

The random forest algorithm is one of the well known supervised learning sys-
tem. It creates a ”forest” out of a collection of decision trees that are commonly
trained using the ”bagging” method [13]. The bagging method’s primary idea
is that it combines many learning models enhances total output. In a random
forest, the process of dividing a node analyzes only a subset of the features at
random [6]. A study conducted by Ndiatenda Ndou [14] used random forest to
predict the student performance and obtained 94.04% accuracy.
According to the statistics, the majority of information students (63 percent) are
female; nevertheless,the percentage of female students who successfully complete
the course (65%) is higher than that of male students, indicating that female
students are more likely to finish the course. Most students in the information
system who are disadvantaged have been demonstrated to be at a disadvantage
due to their disability [15]. Students with disabilities have a higher chance of
failing than those who do not. Depending on their ethnic heritage, the percent-
age of students that successfully finished the course varies dramatically.33.33%
of the students on these courses were enrolled in bachelor’s degree programs in
applied sciences [15]. In comparison to students enrolled in bachelor’s degree
programs in business, they have a higher chance of failing the course. Finally,
students who enroll in this course during the summer semester are more likely
to fail than those who enroll during the fall semester who take it during the
fall or spring semesters [16]. Year of commencement, plancode, plan description,
stremline, age in first year, school quintile, mathematics matric major, home
province, rural or urban, life orientation, physics Chem, English first language,
home country, additional mathematics, mathematics matric literacy, computer
studies, and English first additional were all included in a study that yielded an
accuracy of 80% when employing a Naive Bayes model [7].
Nghe [17] and Ajoodha Jadhav [1] used BNT Models to predict students per-
formance and achieved 61.54% and 70% accuracy respectively

Author(s) Models Accuracy

Ndiatenda Ndou Random Forest 94.04%

Ossama E Decision tree 96.5%

Madhuri T CART 79.48%

Marin AJ MIMIC AGFI = 0.95

Noluthando Mngadi Random forest 82% with AUC = 0.95

Macdaline RM Bayesian networks 82%

Ajoodha BNT 70%

Sangodiah Linear SVM 89.95&
Table 1. Literature Review Summary Table
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3 Research methodology

This chapter will provide a fast overview of the data collecting and the methods
that has been used to analyze and model the data.

3.1 Data collection and sampling methods

The study used second-hand data; it is synthetic data based on the learned
Bayesian network structure modeling. The value of the parent node is taken
from their unconditional distribution, and the value of the child node is taken
from the parent set. Repeat the sampling process until all node values have been
generated. Use Gaussian distribution to model continuous variables. The Gaus-
sian distribution, usually called the normal distribution, is a continuous function
with a mean and standard deviation, provided that the data is normal. Nega-
tive values such as cumulative estimates and probabilities have negative values.
Remove negative values from the data set; they cannot change them,because it
would change the network’s distribution. The level of the factor is represented by
tabular conditional probability density (CPD), which is used to model discrete
variables. The data was not balanced, however, SMOKE was used to balance
the data.

3.2 Features

The data includes biographical information, pre-college observations, and uni-
versity enrollment observations. We have utilized this information to perform
our research. Gender, race, first-year age, home language, home province, home
country, and place of origin, whether rural or urban, are all biographical charac-
teristics that has been employed in the study. In the pre-university observations,
we utilized the school quintile to indicate school courage, with quintile 1 being
the poorest and quintile 5 being the least deficit in basic math, English as a
second language, finally, for the observation of university enrollment, we used
the year of commencement of studies, the description of the plan, professional
history, the possibility of success in different branches of science (mathematics,
physics, earth sciences and life sciences), the totality of course grades and the
number of years that the Completion of studies was spent.

The table below summarises the features used in this study.

3.3 Methods

Random forest Random forest is a simple machine learning technique that
in most cases gives excellent results even without hyperparameter tuning and is
widely used due to its simplicity and versatility [18]. The random forest produces
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Biographical Characteristics Pre-College Observations

Race School Quantile

Gender English FAL

Home Language Mathematics major

Age at first year Computers

Home province Additional Maths

Rural or Urban

Home country
Table 2. List of Biographical and pre-college features to be used in the study

Enrollment Observation

Year started

Probability of streams

Plan Description

Aggregate

Number of yrs in degree
Table 3. List of Enrolment features to be used in the study

understandable predictions and can handle large datasets effectively. The ran-
dom forest has been discovered to be more accurate in predicting outcomes [18].
By expanding the number of trees, this strategy improves accuracy [19]. Random
forest has proven to be useful in different kinds of problems [20]. Random forest
has been successfully applied in remote sensing, bioinformatics, predicting stu-
dents’ performance, analyzing customers’ behavior, and many other predicting
problems. [21–25].
Random forest generates and blends numerous decision trees to produce a more
exact and dependable prediction. The random forest has the benefit of being able
to be used for both classification and regression issues, both of which are com-
mon in modern machine learning systems. Random forest has nearly identical
hyperparameters to decision trees and bagging classifiers. The precise informa-
tion is which you do not want to mix a bagging classifier decision tree due to
the fact that you may use random forest classifier-class [26]. Random forest also
can manage regression duties. Another great advantage of the random forest
approach is that determining the proportional value of each feature on the pre-
diction is a breeze.

We use the Gini index when performing random forests on categorization data.
To determine how nodes on a decision tree branch, we apply the formula below:

Gini = 1−
c∑

i=1

(pi)2

The Gini of each branch on a node is calculated using the class and probability
formula above.
Entrophy can also be used to figure out how a decision tree’s nodes branch.
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Entrophy =

c∑
i=1

−pi ∗ log2pi

The relative frequency of the class you’re looking at in the dataset is represented
by pi, and the number of classes is represented by c.

3.4 Decision tree

One of the supervised machine learning algorithms is decision tree. It can be used
to tackle problems related to regression and classification [27]. The decision tree
method is often the method of choice for predictive modeling since it is both
simple to learn and highly effective [28]. The decision to make strategic splits
has a significant impact on the correctness of a tree [29]. Classification and
regression trees have different decision criteria. Decision tree been successfully
applied in a range problems including business, medicine, computer science and
many more [30–32] and it was found to give highly accurate results. Because the
method clearly spell out the problem and allow all choices to be altered, decision
tree is an effective technique of decision-making.

3.5 Linear logistic regression

Linear regression is a well-known simple version of modeling the linear relation-
ship between fixed and undistorted variables [33]. ”Logistics” refers to categorical
responses; for two categories, (binomial / binary logistic regression) is binary or
dichotomous. (polynomial logistic regression) Our risk status is the dependent
variable Bi, the categories are minimal risk, medium risk, high risk, and very
high risk; the independent variables Ai are biographical features, observations
prior to university, and very high risk and enrollment according to Table 2.1

γi = β0 + β1A1 + β2A2 + ....+ βnAn

γi = log
Pr(lowest)

Pr(highest)

When comparing the lowest and greatest risk categories

γi = log
Pr(medium)

Pr(highest)

When comparing the medium risk group to the highest risk category

γi = log
Pr(high)

Pr(highest)

When comparing the high risk group to the highest risk category,The reference
category is the one with the highest risk.
Linear logistic regression was used for predicting corporate financial distress and
the method was found to be efficient [34].
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3.6 K-Neighbour

K-Nearest Neighbor, or KNN, is a supervised learning technique that may be
applied to both regression and classification problems. The method is commonly
used in machine learning to solve categorization difficulties. The KNN was used
for the prediction of stock price, the method was found to be efficient and gives
highly accurate results [35]. KNN was also used to predict students’ performance
the method was found to be accurate [36].
When utilizing KNN, the first thing you should do is convert your data into
mathematical values. The method will calculate the distance between these
points’ mathematical values [37].
This distance is calculated using the Euclidean distance formula, as illustrated
below:

d(p, q) = d(p, q) =
√

(q1 − p1)2 + ....+ (qn − pn)2

=

√√√√ n∑
i=1

(qi − pi)2

3.7 Naive Bayes

Naive Bayes is a machine learning model that classifies data points using Bayes’
Theorem. Naive Bayes was used for predicting the system for heart diseases and
decision support in heart disease prediciton system, the method was found to
be effective [38][39]. The method has been used in many prediction problems,
including criminal prediction, software defect prediction, and complex networks
[40][41][42].
With only two occurrences — event A and event B — the formula below is the
simplest version of Naive Bayes.

P (B|A) =
P (A|B) ∗ P (B)

P (A)

When a data collection has more than two possible events, the formula will
assume this form:

P (x|c) =
d∏

k=1

P (xk|cj)

Simply said, Naive Bayes is a set of methods that can be used to classify huge
data sets using probability.

3.8 SVMs

SVM is a type of supervised machine learning model that can be used to solve
classification problems [43]. We depict each data item as a point in n-dimensional
space in this approach, where n is the number of features you have. The SVM ap-
proach is beneficial because it recognizes non-linearity in the data and produces
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an accurate prediction model [44, 45]. When the data is linearly or non-linearly
separable, SVMs perform well in terms of accuracy. When the data is linearly
separable, the SVMs produce a separating hyperplane that optimizes the margin
of separation between classes along a line perpendicular to the hyperplane. The
SVM’s primary role is to look for a hyperplane that can distinguish between
the two classes [46]. The SVM was applied to predict membrane protein types
and virulent protein in bacterial pathogens [47]. The method was found to be
accurate. Based on the related work, we can say that SVM is a good method for
predicition problems [47][48].

3.9 Evaluations

The goal of evaluation is to put a model through its paces on data that differs
from what it was trained on. This gives an unbiased assessment of learning
performance.
In this study, we employed the evaluation functions listed below:

– Accuracy

– Confusion matrix

– Precision, recall and f1-score

4 Results and Discussion

The outcomes of our experiment are presented and discussed in this section.

4.1 Data Analysis

Python 3 was used to evaluate the bogus data. The findings were predicted
using the machine learning models mentioned in the preceding chapter. When
a student begins a program, the data displays four risk statuses: highest risk
(students at this risk status end up dropping out), high risk(students at this risk
status fails to finish the degree in more than 3+ years), medium risk (students
at this risk status finish their degree in more 3+ years), and low risk (Students
at this risk status gets to finish their degree on time or in less than 3+ years).

Feature Information Gain. This section investigates the contribution of each
characteristic to classifying the risk status class variable. Using the IGR, the most
contributing features were found as illustrated in the table below by order from
the top one. The table below will show only 7 most important features.

Features Statistics In this brief section, we will investigate how the significant
features connect to other variables and the target variables.
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Rank Feature

1 English First Lang

2 English First Aditional

3 Plan Description

4 Number of years for degree

5 Race Description

6 Progress outcome

7 Quintile
Table 4. Top 7 most important features

4.2 Classification

The outcomes of the six fitted machine learning classification algorithms are ex-
amined in this section : SVMs, Decision tree, Random forest, Logistic regression,
K-neighbour, and Naive Bayes.

Confusion Matrix and Accuracies : Accuracy is the first metric we used
to and is the most basic. It provides an answer to the question:
How often does the classifier get it right?
It is easily obtained by applying the following formulas:

Accuracy =
number of correctly classified items

number of all classified items

Confusion Matrix is yet another indicator commonly used to assess the
success of a classification algorithm. This metric was used in this study. If we
were to utilize a confused matrix to forecast if an email is spam or not, we would
have the following matrix:

Predicted:RE Predicted: SE
Actual:RE TN FP
Actual:SE FN TP

Where:

– RE = Real Email
– SE = Spam Email
– TN = True Negatives
– TP = True Positives
– FN = False Negatives
– TF = False Positive

The anticipated classes in the matrix’s columns, are represented. The actual
classes, on the other hand, are represented in the matrix’s rows. There are four
cases:
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– TP : when the classifier expected spam and The emails were unquestionably
spam.

– TN : where the classifier expected ”not spam” and therefore the emails were
real

– FP : where the classifier expected ”spam,” though The emails were authentic.
– FN : where the classifier expected ”not spam,” however the emails were

spam.

True or false suggests if the classifier appropriately expected the class, while
positive or negative shows whether or not the classifier efficaciously expected
the goal class. The accuracy is then predicted by the use of following formula:

Accuracy =
TN + TP

TN + TP + FN + FP

The method of 10-fold cross validation was used to assess accuracy.
Figure 1 shows the results the accuracy obtained for the 6 different algorithms:

According to figure 1, SVMs outperformed all other algorithms with an accu-
racy of 95.56%, which means that the classifier got it right 95.56% times out of
the entire testing data, followed by Random Forest with an accuracy of 94.23%,
which means that the classifier got it right 94.23% of the time, and Decision
Tree with an accuracy of 93%, which means that the classifier got it right 93%
of the time,K-neighbor came in 4th with an accuracy of 87%, indicating that
the classifier got it right 87% of the total testing data, followed by Naive Bayes
with a 77% accuracy, indicating that the classifier was correct. 77% of the total
testing data, and finally, Logistic Regression with an accuracy of 76%, indicating
that the classifier was correct. 76% of the total testing data

Confusion Matrix for the Outperformed Model : SVMs

High Risk : The actual high risk is 1706. predicted high risk in actual high
is 1637, out of 1706 actual high risk, 1637 are predicted correctly as high risk
wheres 29, 21 and 19 were incorrectly predicted as highest, lowest and medium
risk respectively.
Highest Risk : The actual highest risk is 1681. Predicted highest risk in actual
higher is 1670, 1670 are predicted correctly as highest risk wheres 9 and 2 and
incorrectly predicted as high risk and medium risk respectively.
Lowest Risk : The actual lowest risk is 1706. Predicted lowest risk in actual
lowest risk is 1635, out of 1706 actual lowest risk, 1635 are correctly predicted



12

Fig. 1. Accuracy Bar Graph

Fig. 2. Confusion Matrix for SVMs
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wheres 28 and 43 are incorrectly predicted as high risk and medium respectively.
Medium Risk : The actual medium risk is 1747. Predicted medium risk in ac-
tual medium risk is 1593, out of 1747 actual medium risk, 1593 are correctly
predicted wheres 69, 14 and 17 are incorrectly predicted as high, highest and
lowest respectively.

Precision, recall and f1-score Aside from accuracy, the confusion matrix
was used to construct a number of additional performance indicators.
Precision
Precision provides an answer to the question:
How often does it get it right when it forecasts the outcome?

This is accomplished through the application of the formula:

Precision =
TP

TP + FP

When the goal is to reduce the quantity of FP, precision is typically used.

Recall
Precision provides an answer to the question:
How often does it anticipate properly when the outcome is positive?

This is accomplished through the application of the formula:

Recall =
TP

TP + FN

When the purpose is to restrict the amount of FN, recall is frequently used.

F1-Score
Simply said, this is the arithmetic mean of precision and recall:

F1score =
Precision x recall

Precision+ recall

When both precision and recall are considered, the result is it is beneficial. If
you only want to improve recall, your algorithm will predict that the majority of
occurrences will fall into the positive category, however, this will lead to having
a lot of false positives and there isn’t a lot of precision. If you strive to maximize
precision, on the other hand, Only a few positive cases will be predicted by your
model. yet have a very poor recall.

The figure below shows the Precision, recall and f1-score Results for the 6 model
employed for this study.
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Fig. 3. Precision, Recall and F1-score

SVM has outperfomed all other model with an Accuracy of 95.54%, 96% Preci-
sion, 96% Recall and 95% f1-score.The precision and recall are significant metric
scores, but it is difficult to maximize both of them, so one has to trade off one
metric.

4.3 Interpretation

SVMs performs better mostly reason being that it offers superb consequences in
phrases of accuracy whilst the information are linearly or non-linearly separable.
When the information are linearly separable, the SVMs end result is a isolating
hyperplane, which maximizes the margin of separation among classes, measured
alongside a line perpendicular to the hyperplane.
Random Forest is one the models that gave good results in this study mostly
reason being that a large number of relatively independent models (trees) oper-
ating in committee will prevail over the individual constitutive models. The key
is the low correlation between the models.
Decision Tree had a high accuracy in this study, decision tree is one of the
most used models due to the fact they wreck down complicated records into
extra practicable parts.
due to the fact they wreck down complicated records into extra practicable parts.
KNN : If all of the data has the same scale, KNN performs substantially better.
SMOTE was used to balance the data so that the performance for KNN can be
maximized. KNN was performing poorly when that data was imbalanced
Naive Bayes : Naive Bayes gave better results however they were not good
given that some models are giving way better results.The overall performance of
Naive Bayes can degrade if the statistics includes fantastically correlated capa-
bilities. This is due to the fact the fantastically correlated capabilities are voted
for two times within side the model, over inflating their importance.
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Logistic Regression : This model did not perform well compared to the rest
of the models used in this study. The predominant predicament of Logistic Re-
gression is the idea of linearity among the structured variable and the unbiased
variables.

5 Conclusion

Our research into classifying students into the appropriate risk profiles using
biographical (background), individual, and schooling variables revealed that bi-
ographical characteristics, followed by individual traits, have the greatest impact
on student attrition or risk classification. Pre-college factors have little or no im-
pact on determining student risk profiles. Similarly, the eight most significant
(contributing) attributes are biographical and individual characteristics, accord-
ing to. They serve a significant (essential) role in classifying students into the
appropriate risk profiles, according to the conceptual model.When compared to
models fitted with a controlled balanced class data set using the SMOTE tech-
nique, the results show that the fitted models performed well on an imbalanced
class data set. This could be related to the fact that the smote method does
not take into account neighboring samples from different classes when generat-
ing synthetic samples. It can then lead to class overlap and the introduction of
additional noise. The fitted machine learning algorithms were able to recognize
(deduce) the various risk profiles successfully. However, the positive class iden-
tification rate varies depending on the quantity of each class [7].

The findings show that the machine learning models used were able to esti-
mate learner susceptibility based on the attributes provided [1] [14]. The SVMs
outperformed all other models with an accuracy of 95.56% followed by random
forest with 94.23%, decision tree with 93%, KNN with 87%, Naive Bayes with
77% and Logistic Regression with 76% . The least performing model on this
study was found to be logistic regression.
The observe concludes that scholar attrition is stricken by biographical and in-
dividual attributes, and consequently those elements have to be considered in
the better schooling enrollment system.
Significance : This study was important in assisting students in determining
which level of risk the course they are taking has based on their biographical
and pre-college,because many students do not consider their biographical and
pre-college when choosing a course of study, and the majority of them do not
complete their degree, which is unfortunate.
Future Work : This research can be expanded in a number of ways, includ-
ing developing a model that will recommend the most appropriate course for a
student’s success, thereby reducing the number of students who drop out.
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