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Abstract – The academic performance of students is essential for 

academic progression at all levels of education. However, the 

availability of several cognitive and non-cognitive factors that 

influence students’ academic performance makes it challenging 

for academic authorities to use conventional analytical tools to 

extract hidden knowledge in educational data. Therefore, 

Educational Data Mining (EDM) requires computational 

techniques to simplify planning and determining students who 

might be at risk of failing or dropping from school due to academic 

performance, thus helping resolve student retention. The paper 

studies several cognitive and non-cognitive factors such as 

academic, demographic, social and behavioural and their effect on 

student academic performance using machine learning 

algorithms. Heterogenous lazy and eager machine learning 

classifiers, including Decision Tree (DT), K-Nearest-Neighbour 

(KNN), Artificial Neural Network (ANN), Logistic Regression 

(LR), Random Forest (RF), AdaBoost and Support Vector 

Machine (SVM) were adopted and training was performed based 

on k-fold (k = 10) and leave-one-out cross-validation. We evaluated 

their predictive performance using well-known evaluation metrics 

like Area under Curve (AUC), F-1 score, Precision, Accuracy, 

Kappa, Matthew’s correlation coefficient (MCC) and Recall. The 

study outcome shows that Student Absence Days (SAD) are the 

most significant predictor of students’ academic performance. In 

terms of prediction accuracy and AUC, the RF (Acc = 0.771, AUC 

= 0.903), LR (Acc = 0.779, AUC = 0.90)  and ANN (Acc = 0.760, 

AUC = 0.895) outperformed all other algorithms (KNN (Acc = 

0.638, AUC = 0.826), SVM (Acc = 0.727, AUC = 0.80), DT (Acc = 

0.733, AUC = 0.876) and AdaBoost (Acc = 0.748, AUC = 0.808)), 

making them more suitable for predicting students’ academic 

performance. 

 

Keywords – Academic performance, AdaBoost, artificial neural 

network, decision tree, educational data mining, k-nearest 

neighbour, logistic regression, machine learning, naïve Bayes, 

random forest, support vector machine. 

I. INTRODUCTION 

The academic performance of students is one of the integral 

mechanisms for evaluating an academic institution. It also helps 

design operative instruments that improve students’ academic 
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outcomes and avoid dropout, among other things. For example, 

West African second-cycle schools are usually ranked yearly 

based on the general performance of their students in the West 

African Examination Council (WAEC). Likewise, in Ghana, 

the rank of basic educational (primary and junior secondary 

schools) institutions is partially based on their students’ 

performance in the Basic Education Certificate Examination 

(BECE). Therefore, a means to correctly articulate students’ 

academic performance before their final examination at all 

education levels is critical to all academic institutions. 

Recently, there has been a decline in the general performance 

of students in science, mathematics and information 

technology. Some nationalists blame the use of foreign 

languages for teaching as responsible for poor academic 

performance and even underdevelopment among students [1]. 

However, other studies [2]–[5] have argued that students’ 

academic performance goes beyond the language for means of 

instruction; it fundamentally includes both cognitive (such as 

high school grade point average) and non-cognitive 

characteristics. The non-cognitive characteristics include 

student engagement, behavioural observations at school, the 

general views of family and friends concerning schooling, 

gender, place of birth and involvement in extracurricular 

activities. 

Recently, advancement in technology has resulted in a large 

amount of collected cognitive and non-cognitive educational 

data. Nevertheless, analysing big data to reach insightful 

information is challenging for humanity using traditional 

techniques [6]. However, Data Mining (DM) methods can be 

used effectively to learn treasured and essential hidden 

knowledge from these data. Thus, Educational Data Mining 

(EDM), i.e., analysing data of educational institutions with DM 

methods, is valuable for dramatically improving students’ 

academic performance. Educational Data Mining implements 

data mining methods for analysing available data at educational 

institutions [6]. Although EDM leads to knowledge discovery, 
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Machine Learning Algorithms (MLAs) provide the needed 

tools for this purpose. Hence, critical analysis and processing of 

educational data with MLAs can lead to valuable statistics 

concerning students’ knowledge, association and academic 

performance. 

This paper seeks to examine the degree to which cognitive 

and non-cognitive characteristics influence the academic 

performance of students at second-cycle schools using MLAs, 

as well as compares and evaluates the predictive performance 

of different classification methods for predicting students’ 

academic performance. Specifically, we seek to: 

i. Examine which factors, cognitive or non-cognitive or 

both, are significant predictors of students’ academic 

performance. 

ii. Perform a comparative analysis of different MLAs for 

predicting student academic performance to identify 

which algorithm improves prediction accuracy. 

iii. Predict the average grade score of a student in 

mathematics, science and information technology and 

estimate whether a student is at risk of failing the final 

examination based on the best classification algorithm 

from the comparative analysis. 

iv. Examine the effect of k-fold and leave-one-out cross-

validation training techniques on the prediction 

accuracy of different MLAs for predicting students’ 

academic performance. 

The following research questions have been formulated: 

RQ1: Which MLAs are appropriate for effective and 

efficient prediction of students’ academic performance? 

RQ2: Which cognitive and non-cognitive factors affect 

students’ academic performance and predictive performance of 

MLAs? 

We hope that the outcome of this study will help identify: (i) 

different cognitive and non-cognitive factors that significantly 

influence students’ academic performance; (ii) a training 

technique (i.e., k-fold cross-validation or leave-one-out) that is 

more suitable for training MLAs to predict students’ academic 

performance; (iii) the appropriate MLAs for predicting 

students’ academic performance and determine the best 

approach for performing student performance prediction. This 

paper uses various machine learning classifiers, including 

Decision Tree (DT), K-Nearest-Neighbour (KNN), Artificial 

Neural Network (ANN), Logistic Regression (LR), Random 

Forest (RF), AdaBoost and Support Vector Machine (Radial 

Basis Function). These techniques have been chosen for this 

study based on their straightforward implementation and 

efficiency in classification tasks in different fields, such as 

engineering [7]–[10], finance [11]–[14] and education [15]–

[18]. 

The rest of the paper is structured as follows: Section 2 

presents review of literature. Section 3 presents the study 

methodology. Then, the study results are considered in 

Section 4, while conclusions and future research areas are 

discussed in Section 5. 

 

 

II. RELATED WORKS 

Some researchers attempted to predict students’ academic 

performance based on machine learning algorithms using 

cognitive or non-cognitive factors. In this section, we present a 

few of them published between 2017 and 2020. 

Chui et al. [19] adopted a generative adversarial network-

based deep SVM predictive model to predict students’ 

performance. The paper reported that the proposed ICGAN-

DSVM outperformed other state-of-the-art works by 8–29 % in 

AUC, specificity and sensitivity. Likewise, Hamoud, Hashim 

and Awadh [20] predicted students’ academic performance 

using tree algorithms (J48, Random Tree and REPTree). The 

study outcome showed that the J48 algorithm outperformed 

Random Tree and RepTree algorithms. A predictive model 

based on a Convolutional Neural Network (CNN) was applied 

in [21] to predict students’ academic performance. The 

proposed CNN model outperformed related works in terms of 

Recall, F1-score and Precision. Ahmad and Shahzadi [22] 

proposed an ANN-based student academic performance 

predictive framework. They reported prediction accuracy 

compared with other well-known MLAs. Burman and Som [23] 

employed a multi-classifier SVM to classify students into high, 

average and low groups based on their academic scores. The 

paper recorded higher prediction accuracy with the RBF kernel 

than using a linear function. Aggarwal et al. [16] experimented 

on student data containing academic and non-academic features 

using six machine learning classification algorithms. They 

found that multi-layer perceptron and Random Forest were the 

most hopeful classifiers for predicting academic performance. 

Similarly, Hussain et al. [17] used PART, RF, J48 and Bayes 

classification algorithms to predict the academic performance 

of 300 students and reported RF to offer better classification 

accuracy and minor error. Likewise, Almarabeh [18] performed 

a comparative analysis of five classifiers, namely, Neural 

Network, Bayesian Network, J48, Naive Bayes and ID3, for 

predicting students’ academic performance. The outcome of the 

study showed that the Bayesian Network classifier 

outperformed all other classifiers. 

In reality, student academic performance prediction is 

essential for student academic development. Hence, several 

studies have been carried out in this field, but most of these 

studies used single factors like cognitive or non-cognitive but 

not both. However, several factors (cognitive and non-

cognitive) affect students’ academic performance and each of 

these factors possesses unique characteristics [6], [21]. 

Therefore, a blend of both is anticipated to give better results 

than single data [24]. On the other hand, studies that combined 

them randomly selected the MLA. Besides, as pointed out in the 

literature [25]–[27], the performance of MLAs is highly 

affected by the dataset characteristics. Hence, a single MLA 

might not perform well on all types of datasets. Again, in most 

previous studies, several researchers have proposed different 

classification models for students’ academic performance based 

on different features; however, the optimisation effects of these 

significant features on students’ performance classification was 

ignored. 
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III. MATERIAL AND METHODS 

This section discusses the methods and techniques adopted 

in the study to accomplish the study goal. 

A. Dataset and Collection Tool 

The study population consisted of all third-year students 

(1133) in three (3) reputable private second-cycle institutions in 

Kumasi, Ghana. However, four hundred and eighty (480) 

students were sampled using the stratified random sampling 

technique. We concluded on this sample size based on Yamane 

(1967) as defined in (1) [28], using a 5 % margin of error. 

  (1) 

The researchers adopted a self-design questionnaire for data 

collection. It consisted of two sections; the first section was 

designed to obtain demographic information such as gender, 

place of birth, nationality, level, class group, relation to 

guardian, parent satisfaction with school and more. The second 

section was carefully designed to obtain quantitative 

information such as the number of student absence days, the 

frequency of students raised hands in class, how often students 

visit school library, student involvement in group discussions, 

number of times student visited school notice board. 

Participants were to indicate on a scale of 1 to 10 for a given 

term (3 months). The consent of school authorities and students 

was sought in this study. The terminal scores of students in 

mathematics, science and information technology were average 

as the final score (fscore) of a participant in this study, as defined 

in (2). 

 score score score
score

3

Math Science IT
f

+ +
=  (2) 

fscore was then categorised into three groups: 

 

if fscore ≤ 54, performance = low (L)[0]      

elseif fscore ≤ 69, performance = medium (M)[1]   

else performance = high (H)[2]      

Thus, the study was carried out using sixteen features (see 

Table I). Fifteen served as independent (predictor) variables 

and one (performance) as a dependent (response) variable. 

Thus, the study dataset was a 480×16 matrix. 

TABLE I 

STUDY VARIABLES 

Features  Symbol  

1. Gender G 

2. Nationality N 

3. Place of birth PB 

4. Level L 

5. Class group CG 

6. Topic (math, science and IT) TP 

7. Term TR 

8. Relation to guardian RG 

9. Number of times student raised hands in class NTSRHC 

10. Visit school library VSL 

11. Notice board visit NBV 

12. Involvement in group discussions IGD 

13. Parent answering survey PAS 

14. Parent satisfaction with school PASS 

15. Student Absence Days SAD 

16. Performance (L = 0, M = 1, H = 2)  

B. Description of the Selected Algorithms  

There are two types of learners in classification: Lazy 

Learners (LL) and Eager Learners (EL). The LL store the 

training data until classification using the testing data when it 

appears and has more significant predicting times, e.g., K-

Nearest Neighbours and case-based reasoning. While the EL 

are trained before being data for prediction, they work the 

whole space based on a single hypothesis and fast make 

predictions, e.g., Naive Bayes, Artificial Neural Networks, 

Decision Trees, etc. In this study, we adopted a combination of 

LL and EL machine learning algorithms. A brief description of 

the algorithms used in this paper is presented as defined in [29]–

[33]. Readers unfamiliar with machine learning and its 

associated algorithm are referred to [29]–[31], [33] for detailed 

tutorials on machine learning. We selected these techniques 

based on the performance in several related fields as reported in 

the literature [34]–[36] and their easy implementation and less 

computational time. 

1. K-Nearest Neighbours (KNN) is easy to understand and 

implement supervised MLA for classification or regression 

tasks. It adopts the resemblance between new and available 

datasets and puts the new into the most similar group to the 

available groups. It is a non-parametric algorithm, i.e., it does 

not make any guess on primary data. It is sometimes referred to 

as an LL algorithm since it does not learn from the training 

dataset instantly instead keeps it. At the classification period, it 

completes an action on the dataset. 

2. Decision Tree (DT) is a simple supervised MLA for 

regression and classification tasks; however, it is mainly used 

to classify problems. It is tree-like in construction, where inner 

nodes characterise the features of a dataset, branches signify the 

decision rules, and each leaf node signifies the result. 

3. Random Forest (RF) is a supervised MLA commonly 

used for classification and regression tasks due to its 

straightforwardness and variability. It is an ensemble learning 

technique that combines the outcome of two or more decision 

trees via majority voting or averaging technique to enhance 

prediction accuracy depending on the problem at hand. 

4. Multilayer Perceptron (MLP) is a deep ANN that learns 

a function f(.) : Rm → Ro by training on a dataset (DS), where 

(m) is the dimensions of DS and (o) is the output dimensions. It 

has at least three (3) layers of nodes, namely, (i) the input layer 

for receiving g the input signal, (ii) output layer for making a 

decision or forecast about the input and (iii) hidden layer(s) 

sandwich between (i) and (ii) for all computation of the MLP; 

this layer has an arbitrary number. They are often used for 

( )
1

21n N Ne
−

= +
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supervised ML tasks. Apart from the input layer, every other 

node is a neuron that uses a nonlinear activation function. 

5. Support Vector Machine (SVM) is a supervised MLA 

for classification, regression and outliers’ challenges. It aims at 

finding an optimal minimal hyperplane (h) N-dimensional 

space (N is the number of features in the dataset) that best 

divides a given dataset into classes. It is capable of handling 

both continuous and categorical datasets. The SVM creates an 

(h) in multi-dimensional space to separate different classes by 

generating optimal (h) iteratively, which is used to curtail an 

error. As a result, it gives better accuracy compared to other 

MLA techniques like LR and DT. 

6. Adaptive Boosting (AdaBoost) is the first hands-on 

boosting algorithm developed in 1996 by Freund and Schapire. 

It is a boosting method for ensemble ML, where weights are re-

assigned to a particular example, with higher weights to 

wrongly categorised examples. 

7. Logistic Regression (LR) is an MLA describing data and 

explaining the association between one dependent binary 

feature and two or more ordinal, nominal, interval, or ratio-level 

independent features. 

TABLE II 

HYPERPARAMETER SETTINGS 

MLA Hyperparameters  

LR penalty= l2, solver='lbfgs', max_iter =100, 

multi_class='auto', tol=0.0001, C=1.0  

MLP                 hidden_layer_sizes=100, alpha=0.15, 

learning_rate='0.001', activation='relu', 
solver='adam', batch_size='auto', 
hidden_layer_sizes=[50, 50] 

SVM                       C=100, kernel='rbf', degree=3, gamma='0.1', 

tol=0.001, learning_rate =’ adaptive’, max_iter 
=1000 

RF criterion = gini, min_impurity_decrease = 0.001, 

max_depth =6, min_sample_split = 6, n_estimators = 
190, min_sample_leaf =6 

AdaBoost base_estimator=None, n_estimators=60, 
learning_rate=1.0, loss='linear', algorithm='SAMME' 

KNN n_neighbors=8, weights='uniform', algorithm='auto', 

leaf_size=30, p=2, metric = manhattan 

DT criterion='gini', splitter='best', max_depth=16, 
min_samples_split=2, max_features=log2 

C. Study Framework 

Fig. 1 shows the framework for the implementation of the 

study goal. Python, Scikit-learn library (https://scikit- 

learn.org) was used for all experiments in this paper. A total of 

480 records with sixteen features were obtained from the 

participants. Firstly, we pre-processed our dataset by replacing 

missing values (where students did not respond to question) 

with average values. Then, we encoded all categorical data into 

numerical using the label encoding approach in the Scikit-learn 

library. Some of the attributes in our dataset were different; in 

size, we scaled the dataset in a range (0 to 1), using the min-

max normalisation technique (3). 

 . (3) 

The clean dataset was then partitioned into 75 % for training 

and 25 % for testing. 10-fold cross-validation and leave-one-

out techniques were used to train the models separately in this 

study. 

D. Definition of the Classification Problem 

Let N be a sequence; data point x(i) ∈ ℜn, 1 ≤ i ≤ N; each 

having n characteristic features x(i) = {x1
(i), x2

(i), …, xn
(i)}; each 

element x(i) is assigned a label y(i).  For n, c ∈ N, a set of c labels 

I, and a sequence x(i) ∈ ℜn, y(i) ∈ I, 1 ≤ i ≤ M, find f : ℜn → I 

such that f (x(i)) = y(i) for all 1 ≤ i ≤ N. 

In this study, c = 3. Our goal is, given a pre-labelled training 

dataset DS = (x(i), y(i)), 1 ≤ i ≤ M, M < N, we attempt to make a 

machine learning algorithm find a function f : ℜn → {−1, 0, 

+1}. 

 

Fig. 1. Study framework. 

E. Evaluation Metric 

The prediction performance of the selected algorithms was 

compared using five well-known evaluation metrics for 

evaluating classification tasks in machine learning, namely, 

Area under Curve (AUC), F-1 score, Precision, Accuracy, 

Kappa, Matthews correlation coefficient (MCC) and Recall. A 

detailed definition of these metrics is available in [37]. Finally, 

the best classification algorithm for predicting the students’ 

academic performance is selected based on the comparative 

analysis of the evaluation metrics. 
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F. Experimental Setup 

All experiments in the current study were carried on a 

Lenovo (20EGS12E00) laptop, Intel® core™ i5-4340M CPU 

@ 2.90GHz (4 CPUs) 12GB memory. Table II shows the 

hyperparameter stings for the MLAs used in this study. 

IV. RESULTS AND DISCUSSIONS 

This section presents the outcome of our experiments. 

A. Evaluation of Cognitive and Non-Cognitive Factors Affecting 

Students’ Academic Performance and Predictive Performance of 

MLAs 

Concerning RQ1 (Which cognitive and non-cognitive factors 

affect students’ academic performance and predictive 

performance of MLAs?), this study selected fifteen features 

reported in the literature to affect students’ academic 

performance. We measured their degree of importance with 

student academic performance. The aim was to examine which 

among these features was a high predictor of students’ 

academic performance. Table III shows the outcome of this 

study. The features were ranked using information gain ratio 

and Gini decrease. A feature with an importance measure closer 

to one is considered a feature with higher importance. The 

outcome shows that SAD is the most significant predictor of 

students’ academic performance, followed by visit-school-

library (VSL), the number of times students raised hands in 

class (NTSRHC), parent answering survey (PAS) and relation 

to guardian (RG).  

TABLE III 

FEATURES IMPORTANCE RANKING 

Features Gain ratio Gini 

SAD 0.410 0.131 

VSL 0.195 0.145 

NTSRHC 0.181 0.139 

PAS 0.152 0.055 

RG 0.129 0.049 

NBV 0.127 0.098 

PASS 0.111 0.040 

G 0.055 0.019 

N 0.052 0.045 

PB 0.051 0.046 

IGD 0.044 0.038 

TP 0.023 0.030 

L 0.019 0.019 

TR 0.012 0.005 

CG 0.006 0.003 

 

The outcome suggested that student’s absenteeism is more 

likely to affect their academic performance than any other 

factor. Likewise, students who regularly visit the school library 

for further learning are more likely to perform better than those 

who do not. Also, the outcome shows that students who 

contribute in class either by answering questions or asking a 

question are more likely to perform well academically than their 

counterparts who do not engage in class activities. Furthermore, 

the outcome suggests that parent involvement in their academic 

activities either by helping them with their homework and other 

school activities contributes effectively to their academic 

performance. 

B. Performance Measure of Seven Different MLAs for Predicting 

Students’ Academic Performance 

Regarding RQ2 (Which MLAs are appropriate for effective 

and efficient prediction of students’ academic performance?), 

this study applied seven machine learning classification 

algorithms to classify students’ academic performance. In 

addition, this study employed five well-known evaluation 

metrics to evaluate the predictive performance for classifying 

students’ academic performance based on two training 

techniques. 

Fig. 2 shows the comparative performance of the selected 

seven MLAs using a 10-fold cross-validation training 

technique. We observed that the RF obtained the highest 

prediction accuracy of 0.765, followed by the SVM (0.746) and 

the LR (0.7416). Thus, in terms of prediction accuracy, these 

three algorithms outperformed the KNN (0.7127), DT (0.696), 

AdaBoost (0.712) and MLP (0.716). Regarding the area under 

the curve metrics, RF measured 0.893, LR – 0.856. However, 

the KNN outperformed DT, AdaBoost, MLP and the SVM. 

Accordingly, the AUC, which is a key indicator for measuring 

the overall performance and the general measure of model 

accuracy as pointed out in [38], suggests that the RF is more 

appropriate for predicting students’ academic performance than 

KNN, SVM, DT, AdaBoost, MLP and LR based on a 10-fold 

cross-validation training technique. In terms of precision and 

recall metrics, the RF recorded 0.767, 0.776; MLP – 0.725, 0.72 

and LR – 0.756, 0.747. The difference in MLA performance 

based on different evaluation metrics suggests that using single 

metrics to compare algorithms is not a good standard since each 

metric gives a unique characteristic. In Aggarwal et al. [16], 

MLP outperformed RF. However, our outcome disagrees (see 

Fig. 2). In contrast, it agrees with Hussain et al. [17] who 

reported that RF outperformed PART, J48 and Bayes 

classifiers. 

 

Fig. 2. MLAs performance with a 10-fold cross-validation training technique. 
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Fig. 3 shows the performance of the 7 MLAs in predicting 

students’ academic performance based on the leave-one-out 

training technique. Similar to the outcome with the 10-fold 

cross-validation technique in this study (see Fig. 2), the LR, RF 

and MLP outperformed the KNN, SVM, DT and AdaBoost in 

accuracy and AUC. Nevertheless, we observed a slight increase 

in the prediction accuracy and AUC for all the MLAs. Thus, LR 

obtained an accuracy of 0.779 and AUC of 0.90, RF (Acc = 

0.771, AUC = 0.903), MLP (Acc = 0.760, AUC = 0.895), KNN 

(Acc = 0.638, AUC = 0.826), SVM (Acc = 0.727, AUC = 0.80), 

DT (Acc = 0.733, AUC = 0.876) and AdaBoost (Acc = 0.748, 

AUC = 0.808). The higher the AUC, the better the performance 

of the machine learning model is at predicting false (0) as false 

(0) and true (1) as true (1). The AUC of the RF shows that it is 

more suitable for predicting students’ performance based on 

cognitive and non-cognitive factors, likewise, in F1-score, 

precision and Recall (see Fig. 3). The slight increase in model 

performance with leave-one-out training techniques over the k-

fold cross-validation shows that the leave-one-out training 

technique is more suitable for training models in predicting 

students’ academic performance. The logistic regression 

obtained better accuracy between 74.2 % and 77.9 % in both 

training techniques. 

The Receiver Operating Characteristics (ROC) curve 

visualises machine learning classifier performance. It is one of 

the critical essential evaluation metrics for assessing the 

classification performance of any model. Figs. 4–9 show the 

ROC of the RF, AdaBoost, DT, KNN, MLP and LR classifiers, 

respectively. For example, from Fig. 4, it can be seen that the 

RF has approximately 76 %–84% chance to distinguish 

students by low class (0), medium-class (1) and high class (2). 

 

Fig. 3. MLA performance with the leave-one-out training technique. 

 

Fig. 4. ROC curve for RF classifier. 

 

Fig. 5. ROC curve for AdaBoost classifier. 

 

Fig. 6. ROC curve for DT classifier. 
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Fig. 7. ROC curve for KNN classifier. 

 

Fig. 8. ROC curve for MLP classifier. 

 

Fig. 9. ROC curve for LR. 

Figs. 10–16 show the class report of the AdaBoost, DT, 

KNN, LR, MLP, RF and SVM, respectively. The case reports 

show the precision, Recall and Support of the models. The 

Support, which defines the number of examples of the true 

response in each class of target values, demonstrates that the RF 

outperformed all other classifiers. 

 

Fig. 10. Classification report for AdaBoost. 

 

Fig. 11. Classification report for DT. 

 

Fig. 12. Classification report for KNN. 
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Fig. 13. Classification report for LR. 

 

Fig. 14. Classification report for MLP. 

 

Fig. 15. Classification report for RF. 

 

Fig. 16. Classification report for SVM. 

V. CONCLUSION 

Students’ academic performance is a critical factor in 

students’ development and measuring academic intuition 

performance. This study has evaluated the effect of fifteen (15) 

cognitive and non-cognitive factors believed to affect students’ 

performance. It has also predicted the academic performance of 

students based on the most significant factors among the fifteen. 

Seven machine learning classification algorithms, namely DT, 

K- KNN, ANN, LR, RF, AdaBoost and SVM, have been used 

in our experiments. In addition, two training techniques, namely 

k-fold cross-validation and leave-one-out, have been adopted to 

train these algorithms. Five (5) evaluators have been employed, 

namely, AUC, F-1 score, Accuracy, Recall, Precision, Kappa 

and MCC, to measure the predictive performance of the seven 

classification methods 

The outcome shows that SAD is the most significate 

predictor of students’ academic performance, followed by the 

frequency of a student visit-school-library, the number of times 

students raised hands in class, parent answering survey and 

relation to guardian. Also, from the study outcome, it can be 

confirmed that MLAs can effectively and accurately predict 

students’ academic performance. Furthermore, we have 

observed that training the MLAs with the leave-one-out 

technique yielded higher performance metrics than the k-fold 

cross-validation technique (k = 10). Thus, the study results 

show that the RF, LR, and MLP are perfect classifiers for 

classifying students’ academic performance based on their 

achieved AUC and accuracy values. 

To summarise the abovementioned results, the most 

significant factors that influenced students’ academic 

performance classification are SAD, VSL, NTSRHC, PAS and 

RG. Thus, the higher the values of these influencing factors, the 

higher the predictive ability of classification. Therefore, the 

identified significant factors can help teachers design a learning 

activity that can promote the performance of students. The 

current study has used a dataset from three institutions in 

Kumasi, Ghana. In future, more datasets will be added from 

several private and public institutions to give a generalised 

report across the country. Also, different sampling techniques 
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will be adopted to examine their effect on various machine 

learning algorithms. 
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