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Abstract: The study investigates the application of predictive analytics model in adaptive teaching within 
Open and Distance Learning (ODL) institutions. The aim of the study lies in addressing the ongoing chal-
lenges of high dropout rates and low student engagement, particularly in developing countries. The research 
gap is the underutilisation of predictive analytics to personalise interventions and enhance learning out-
comes in ODL environments. The study employs mixed-method research design including machine learn-
ing algorithms with Logistic Regression (LR), Support Vector Machine (SVM), Random Forest (RF), and 
XGBoost, in predicting students at risk of academic failure and providing personalised interventions. A 
dataset of 5,000 students from the National Open University of Nigeria was used to trained and test the 
model. Model validation metrics used includes: accuracy, precision, recall, F1-score, ROC-AUC, and PR-
AUC. More so, (n=1050) participants took part in the experimental and control group including semi-inter-
view, enabling real world application of predictive model. Key findings indicated that Random Forest had 
the highest ROC-AUC (98.38%), followed by XGBoost (97.76%). Nevertheless, Logistic Regression and SVM 
outperformed the others in accuracy (97.43%), precision (97.65%), recall (95.95%), and F1-score (96.79%). 
These results show that adaptive teaching, supported by predictive analytics, is associated with improved 
student engagement and contributes to reducing dropout rates. The challenges such as data quality, privacy, 
trust and algorithms bias should be addressed. The study suggest that predictive analytics is capable of 
transforming teaching methods in ODL institutions, improve personalised and effective learning. Future 
study should focus on model optimisation and integration with other educational technologies. 

Keywords: Predictive analytics; Adaptive teaching; Open and distance learning; Student engagement; Ed-
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1. Introduction 
The advancement of the digital learning environment 

rapidly has shifted the teaching and learning institutions 
with unmatched opportunities of data driven decision 
making in learning institutions. In the Open and Distance 

Learning (ODL) settings, the conventional one size fits all 
models of instruction have been demonstrated to be not 
sufficient to cater to the needs of diverse learners, which 
also leads to ongoing issues in terms of student engage-
ment, academic achievements, and retention rates [1]-[7]. 
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Predictive analytics used to make predictions based on 
historical and real time educational data and to forecast 
student performance, has also become a promising solu-
tion to these problems as it gives educators an opportunity 
to predict at risk students and adjust their instructional 
methods accordingly [3], [7]-[9]. 

Despite the predictive models and adaptive learning 
have become increasingly popular, the current literature in 
ODL has predominantly studied descriptive analytics or 
broadly speaking learning analytics models, with very few 
having studied model implementation, performance, and 
its application in pedagogical practise in a specific institu-
tional context of an ODL settings [10]-[12]. Another re-
search gap exists where predictive outcomes are directly 
connected to adaptive teaching strategies which dynami-
cally respond to the individual learner profile especially in 
the specific context of ODL settings where face to face in-
teractions remain restricted [4], [11], [13], [14]. Most of the 
empirical studies make use of quantitative research ap-
proach without the qualitative aspects. There is scanty em-
pirical evidence on predictive analytics model in develop-
ing countries within ODL settings [2], [15]-[17]. 

The current research will fill these gaps by using a 
model of predictive analytics to enhance adaptive teaching 
in ODL institutions especially in terms of student engage-
ment, retention, and performance. Through a synthesis of 
quantitative and qualitative research, the paper is also able 
to measure the effectiveness of predictive models in recog-
nising at-risk students and discuss the perceptions and 
ethical issues of faculty and students regarding the adop-
tion of predictive models. The findings will provide useful 
information to the ODL institutions particularly in devel-
oping nations where such interventions can greatly im-
prove the learning outcomes. 

The research main contributions lie in the fact that 
predictive analytics models are used to detect at-risk stu-
dents of failure in their academic life early enough and 
provide them with tailored intervention depending on 
their learning profiles. The proposed work involves imple-
menting machine learning models such as Logistic Regres-
sion, Support Vector Machines (SVM), Random Forest, 
and XGBoost to demonstrate how predictive analytics can 
be utilised to change the teaching approaches and make 
the students more successful in the online distance learn-
ing environment. Additionally, the study also highlights 
ethical considerations linked with the use of student infor-
mation, and ensures that privacy and fairness are the key 
concerns in the predictive models. The study answered 
two research objectives including (1) to evaluate the effec-
tiveness of predictive analytics-based models in predicting 
student engagement and academic performance in open 
and distance learning environments and (2) to investigate 
the faculty and students’ perception in adoption of predic-
tive analytics model in open and distance learning. 

The theoretical framework of the research is based on 
a number of key theories which justify the introduction of 
adaptive teaching based on the use of predictive analytics 
in open and distance learning (ODL) settings [18]. Con-
structivism/Mastery Learning Theory focuses on learning 
as a constructive and active process in which learning 
takes place through the experiences of learners as they cre-
ate knowledge. Predictive analytics, through customiza-
tion of learning material and adapting to the needs of stu-
dents, conforms to the concept of mastery learning, in 
which students will move forward when they have mas-
tered every concept [1]. According to the Predictive Ana-
lytics Learning Theory, the use of historical and real-time 
data can be used to predict the intentions of students and 
adjust the teaching process to enhance learning results 
with the help of a machine learning model [2]. Technology 
Acceptance Model (TAM) and Unified Theory of Ac-
ceptance and Use of Technology (UTAUT) are interested 
in the factors that impact the adoption of new technolo-
gies, including predictive analytics in education, with par-
ticular attention to the predictive ease of use and useful-
ness in motivating educators to make adaptive learning 
systems [19]-[21]. Self-Regulated Learning explains the 
importance of students in enabling themselves to learn by 
setting goals, tracking, and regulating their learning plans 
through the help of predictive analytics which provide 
them with personalized recommendations [13], [17], [22]. 
According to the Socio-Technical System theory, both tech-
nology and human interaction should be combined in the 
most effective way to reach the best results, with the pre-
dictive systems and facilitators focusing on the collabora-
tion to make educational experiences better [23]. Ethics 
and Governance theory talks about the moral component 
of the use of student data to predictive model and will en-
sure privacy, equity, and transparency of decision-making 
practises [9], [17], [24]-[28]. These frameworks collectively 
provide a comprehensive insight into how predictive ana-
lytics can be integrated into teaching practices and are as-
sociated with increased student engagement, perfor-
mance, and retention in ODL settings, as illustrated in Fig-
ure 1. 

Existing studies reviewed those educational predic-
tive analytics as a subdiscipline of learning analytics that 
has quickly developed to utilise student information and 
enhance teaching, learning, and retention within online 
contexts. In its simplest form, predictive analytics employs 
statistical and machine learning techniques to the past and 
present educational data to predict the student perfor-
mance, predict at risk students, and customise the inter-
ventions to promote the personalised learning process in 
open and distance learning (ODL) contexts [5], [29], [30]. 
The field of research falls under the category of more than 
descriptive analytics, which just summarises the behav-
iour of the student, instead of proactive forecasting, 
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Figure 1. Theoretical Framework of the Study [2], [4], [17]. 
 
which allows the instructional strategies to be adjusted in 
real time [31], [32]. The existing empirical evidence shows 
that the predictive accuracy of identifying the at-risk learn-
ers and putting measures into change is over 85%, which 
is higher than its counterparts in other assessment proce-
dures [7], [8], [33]. The AI conceptual researches inspired 
the adaptive systems to not just consider the predictive 
feature but also the pedagogical implementation required 
to ensure the transformation of teaching process thrives in 
any institutional setting [10], [11]. 

The structure of the paper is as follows: Section 2 de-
scribes the methodology that was applied in this study in 
detail, including data collection process, predictive model 
development and data validation methods. Section 3 re-
ports on the results and discuss the findings with the focus 
on the effectiveness of the predictive models and their role 
in the student engagement and retention. Lastly, Section 4 
wraps up the paper by summarising the main findings, 
contributions, limitations, and future research direction. 
 
2. Methodology 
2.1. Research Design 

The research design is a mixed methods approach, 
which uses quantitative predictive modeling and qualita-
tive measurement of adaptive teaching. The quantitative 
approach was utilised in order to understand real world 
problem while qualitative aspects was used to get re-
sponses from the participants regarding their perceptions 
and ethical concerns of the implementation of predictive 
analytics model [4], [5], [17]. The mixed-method approach 
is used to predict adaptive teaching interventions and 
while qualitative is used to evaluate them. 

 
2.2. Experimental Design 

The goal is to determine how predictive analytics is 
effective in enhancing student engagement, performance, 
and retention with the help of interventions in the form of 
individualized treatments. The interventions consist of: 

• Experimental Group: The students in the experi-
mental group were provided with individual, 
adaptive teaching intervention, powered by 

predictive analytics, including personalised con-
tent recommendations and facilitator intervention 
actions powered by at-risk predictions. 

• Control Group: This is the baseline group as stu-
dents were taught through the conventional mode 
of teaching and did not have any personalised in-
terventions. The control group was adopted to 
compare the influence of the predictive model-
driven adaptive teaching. They had been exposed 
to the usual modes of learning, and no special or 
anticipatory procedures. 

The experimental and control groups were further 
categorised into courses and pre-tests and post-tests were 
taken to determine the effectiveness of interventions. 

This methodology is integrated with seven compo-
nents including data sources, data preprocessing, feature 
selection, predictive model development, model valida-
tion, adaptive teaching engine, ethics and governance. The 
study aims at designing and deploying a model of predic-
tive model that will support adaptive teaching interven-
tions in open distance learning institutions [8], [10], [34]. 

The components of the predictive model design is de-
scribed below: 

 
2.2.1. Data Sources 

Here student information is uploaded in (csv format) 
or through the LMS, and Survey. The raw data is taken 
into the system as input to analysed the data. The institu-
tional dataset of 5000 students’ records were obtained 
from the National Open University of Nigeria, consisting 
of Learning Content Management System (LCMS) and the 
Directorate of Examination and Assessment (DEA).  The 
dataset comprised of the student demographics and per-
formance data, as well as of the behavioural characteristics 
that were retrieved in the Learning Content Management 
System (LCMS) and the Directorate of Examination and 
Assessment (DEA) of the National Open University of Ni-
geria. These variables includes students id, programme, 
gender, course code,  Tutor marked Assignment, previous 
examination scores, grades, total scores, predicted out-
comes, attendance , engagement (timestamps [comprising 
of the time and frequency by which students engage with 
online resources], clicks [monitoring the quantity of times 
students engaged with online resources], and forum activ-
ity [measuring how students participate in discussion fo-
rums]), played a key role in predicting student engage-
ment, as well as identifying those students who are at-risk 
of their academic failure. 

 
2.2.2. Data Preprocessing 

This features cleanse and purifies the raw data. This 
stage entails that the processing of missing values, normal-
isation, and making the dataset analysis-suitable. Technol-
ogies and tools used in the study include: Data processing 
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and modelling tools: Python 3 (Streamlit, Pandas, Scikit 
Learn, Numpy) [2], [3], [33], structured institutional stu-
dent records of 5000 dataset, and exploratory data analysis 
Visualisation libraries (Statamodel, Matplotlib, Seaborn). 
 
2.2.3. Feature Selection 

Extraction of relevant features on the dataset. The 
step is a process that will identify the most significant fea-
tures that can lead to the accuracy of the model and assist 
in the reduction of noise and the enhancement of the per-
formance. 
 
2.2.4. Model Development 

This is the core of the system where machine learning 
models are developed and trained to give a response to a 
particular student that is at risk of academic failure. The 
machine learning models utilised in this study include 
(Logistic Regression (LR), Support Vector Machine (SVM), 
Random Forest (RF), and XGBoost. 
 
2.2.5. Model Training 

The first step was to split the dataset into training and 
testing set with 80 / 20 split. The initial model training was 
done on this split with 80 percent of the data used to train 
the models and the other 20 percent serving to conduct a 
preliminary test of the model performance. In this way, the 
preliminary assessment of how well the model generalised 
to unseen data was possible. 

The dataset trained and tested on the predictive mod-
els consisted of a 5,000-student sample, used to predict 
whether a student was at-risk depending on a variety of 
features (e.g., attendance, engagement, previous exam 
scores). The sample of 1,000 participants, however, was se-
lected to undergo the pre-test and post-test analysis be-
cause of the logistics involved and the nature of the inter-
vention. The sample was selected on the basis of certain 
criteria, i.e., willingness and availability to test and demo-
graphic representation [15], [34]. 

Thus, the 1,000 participants were selected from the 
bigger group of 5,000 students, and their involvement in 
the pre-test and post-test analysis was specifically in-
tended to assess the effectiveness of the predictive model-
based interventions. This helps to make sure that the con-
nection between the two datasets is well understood and 
that there is no misunderstanding over the sampling ap-
proach. 
 
2.2.6. 10-Fold Cross-Validation 

Following the initial training and testing, 10-fold 
cross-validation was utilised in order to test the model per-
formance in a stronger way. Cross-validation reduces the 
risk of overfitting or bias that may be caused by the ran-
dom split and give a more valid estimate of the model. In 
10-fold cross-validation the data is broken down into 10 

subsets (folds). The model is trained on 9 of these folds and 
tested on the remaining fold and this is repeated 10 times 
with each fold serving as the test set once. The combina-
tion of both approaches helped the study to train the mod-
els with a large fraction of the data and also evaluate the 
models in a manner that reduced bias and overfitting. Pri-
mary training and testing were divided into two parts, the 
first 80/20 split, and the second cross-validation through 
10 folds as a complete assessment of the overall perfor-
mance of the model on various subsets of the data [4], [7]. 
 
2.2.7. Model Validation 

This section presents the evaluation of the developed 
machine learning models for predicting student perfor-
mance and at-risk behavior. Model performance was as-
sessed using standard classification metrics, including ac-
curacy, precision, recall, F1-score, ROC-AUC, and PR-
AUC. These metrics provide complementary perspectives 
on model effectiveness, particularly in the presence of 
class imbalance [12], [35]. 

 
Accuracy: 

Let y ∈ {0, 1} denote the true class label, where 1 rep-
resents an at-risk student and 0 represents a not-at-risk 
student, and let y^\hat{y}y^ denote the predicted class la-
bel. Accuracy is defined as: 
 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃			 + 				𝑇𝑁	

𝑇𝑃		 + 		𝑇𝑁			 + 		𝐹𝑃		 + 		𝐹𝑁 (1) 

 
where TP, TN, FP, and FN represent true positives, true 
negatives, false positives, and false negatives, respectively. 

Accuracy provides an overall measure of correct clas-
sification. However, in imbalanced datasets such as ODL 
contexts—where at-risk students form a minority class—
accuracy alone may not be sufficient to evaluate model 
performance comprehensively. 
 
Recall: 

Recall (also known as sensitivity) measures the pro-
portion of actual at-risk students correctly identified by 
the model: 
 

𝑅𝑒𝑐𝑎𝑙𝑙 =
TP	

TP		 + 		FN		 
(2) 

 

High recall indicates that the model successfully 
identifies a large proportion of at-risk students, which is 
important in educational settings where missed interven-
tions may negatively affect student outcomes. 
 
Precision: 

Precision measures the proportion of predicted at-
risk students who are truly at risk: 
 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
TP	

TP		 + 		FP		 
(3) 
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Figure 2: Proposed High Level System Architecture of Predictive Model. 
 

High precision indicates that the model produces 
fewer false alarms, ensuring that interventions are di-
rected toward students who genuinely require support. 
 
F1-score: 

To balance the trade-off between precision and recall, 
the F1-score is used as a harmonic mean of the two metrics: 
 

𝐹1 = 2	x
Precision	x	Recall	
Precision + Recall 

(4) 

 
The F1-score is particularly useful in imbalanced clas-

sification problems, as it provides a single measure that 
captures both false positives and false negatives. 
 
ROC-AUC: 

The Receiver Operating Characteristic Area Under 
the Curve (ROC-AUC) evaluates the model’s ability to dis-
criminate between classes across different classification 
thresholds. It can be interpreted as: 
 

ROC − AUC	 = 	P(𝑦M!"#$%$&' > 𝑦M(')*%$&'	) (5) 

 
A higher ROC-AUC value indicates better separabil-

ity between at-risk and not-at-risk students. 
 
PR-AUC:  

The Precision–Recall Area Under the Curve (PR-
AUC) measures the area under the precision–recall curve 
and is particularly informative for imbalanced datasets: 

PR − AUC = P Precision	(𝑅)	𝑑𝑅
+

,
 (6) 

 
PR-AUC summarizes the trade-off between precision 

and recall across different thresholds and provides a more 
sensitive evaluation of performance on the minority (at-
risk) class. 
 
2.2.8. Adaptive Pedagogy Engine 

The forecasting of individualised student takes place 
at this stage. This aspect renders the educational process 
more engaging, and identification of the at-risk students is 
conducted and interventions are comprised of tailored 
learning tracks, recommendations and feedbacks. 
 
2.2.9. Ethics and Governance 

The privacy and ethical concerns have been ensured 
by anonymising the identify of learners and adhering to 
the institutional data management policies regarding re-
search data. Ethical approval was obtained from the Uni-
versity Research Ethics Committee and informed consent 
from the participants was also secured. Adherence to the 
ethical guidelines resolves the issues such as privacy of 
data, open access and unbiased use of predictive models 
and give ethical control over the pipelines. The study is in 
conformity with the Nigeria Data Protection Act (NDPA), 
2023 and European Union General Protection Regulation 
(GDPR) 2018 [17], [24], [26], [27]. 

The Figure 2 shows the Proposed High Level System 
Architecture of Predictive Model, which is a combination 
of  machine  learning  and  adaptive   pedagogy,  that   will  
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Table 1. Summary of demographic attributes of the participants. 

Attribute Classification Frequency Percentage (%) 

Gender Female 450 42.8 
Male 570 54.2 
Don’t want to say 30 3 

 
Age 18 – 29 650 61.9 

30 – 39 350 33.3 
40 – 49 30 2.9 
50 + 20 1.9 

 
Role Students 1000 95.4 

Faculty 15 1.4 
Administrators 15 1.4 
IT/Analyst Staff 10 0.9 
Instructional Designers 
 

10 0.9 

Qualification B.Sc 10 20 
M.Sc 25 50 
PhD 15 30 

 
Experience 

 
3 years 

 
10 

 
20 

4 – 6 years 25 50 
7 years and above 15 30 

 
Working Knowledge of Predictive Analytics None / Basic 15 30 

Intermediate 25 50 
Advanced 10 20 

 
Assigned Group Experimental 500 50 
 Control 500 50 

 
 

 
Figure 3. Summary of Demographic Attributes of the Partici-
pants. 
 
ensure the efficient and ethical use of student data to bring 
about better educational outcomes. 

Qualitative approach involving semi-structured in-
terview of fifty (50) faculty members, and students on use-
fulness of adaptive recommendations. The mixed methods 
validation also guaranteed that the model does not only 
make predictions but is also valuable to the teaching prac-
tice in an actual ODL settings [5], [6]. 
 
3. Result and Discussion 
3.1. Result 

The predictive model was implemented using Core i5 
processor system with a minimum of 16 GB RAM and 500 
GB solid state drive/hard disk drive (SSD/HDD). Python 3 
with the required libraries such as (Streamlit, Pandas, 
Numpy, Scikit-learn, XGBoost, LightGBM, Matplotlib, 
statsmodels among others. The result of findings is guided 
by the two research objectives including (1) to evaluate the 
effectiveness of predictive analytics-based models in pre-
dicting student engagement and academic performance in 
open and distance learning environments and (2) to inves-
tigate the faculty and students’ perception in adoption of 
predictive analytics model in open and distance learning. 
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Table 2. Comparison of Performance Metrics of the Model. 

Model Accuracy Precision Recall F1-score ROC-AUC PR-AUC 

Random Forest 96.85% 96.77% 95.38% 96.07% 98.38% 97.58% 
XGBoost 96.78% 96.66% 95.66% 96.22% 97.76% 96.60% 
Logistic Regression 97.43% 97.65% 95.95% 96.79% 97.50% 96.06% 
Support Vector Machine (SVM) 97.43% 97.65% 95.95% 96.79% 97.12% 96.84% 

 
Table 3. Impact of Predictive Analytics Model on Students Engagement and Retention (Experimental and Control Group). 

Course 
Code Group Pre-Test 

Mean 
Post-Test 

Mean Gain SD t-
value df p-value Effect Size 

(Cohen’s d) 
BIO101 Experimental (72) 52 65 13 9.19 12.04 71 <0.001 1.41 

Control (72) 45 49 4 2.38 - - - - 
CIT104 Experimental (72) 52 68 16 11.31 12.04 71 <0.001 1.42 

Control (72) 46 48 2 1.41 - - - - 
CHM101 Experimental (72) 50 66 16 11.31 12.03 71 <0.001 1.42 

Control (72) 44 49 5 3.54 - - - - 
CHM192 Experimental (72) 52 70 18 12.73 12 71 <0.001 1.41 

Control (72) 45 50 5 3.54 - - - - 
GST101 Experimental (72) 54 68 14 9.9 11.97 71 <0.001 1.41 

Control (72) 46 49 3 2.12 - - - - 
MTH101 Experimental (70) 50 65 15 10.61 12.6   <0.001 1.51 

Control (70) 46 49 3 2.12 - - - - 
PHY101 Experimental (70) 52 68 16 11.32 11.85   <0.001 1.41 

Control (70) 45 49 4 2.83 - - - - 
 

 
Figure 4. Line Chart Performance Metrics Comparison of the 
Model. 
 

The 5000 student dataset was obtained from the Na-
tional Open University of Nigeria which was used to de-
velop, trained and test the predictive model on 80/20 ratio 
data split. The data structure consists of student-id, gen-
der, programme, course code, attendance, engagement 
TMA scores, previous examination scores, total score, 
grades, and predicted outcome. 

The demographic attributes of (n=1050) participants 
in the study is presented in Table 1 and Figure 3. Table 1 
and Figure 3, shown that the distribution of various attrib-
utes of the survey instrument that completed the study in 
the experimental and control group is mainly composed of 
majority males who constituted the majority of 54.2% with 
the other  women   constituting  42.8  and  3%  not  having 

 
Figure 5. Line Chart of Pre-test and Post-test for Experimental 
and Control Groups. 

 
disclosed their gender. Speaking of age, the biggest pro-
portion of the participants is 18 to 29 years old, and they 
constitute 61.9% of the sample. The age group of 30-39 
years spans the next biggest percentage (33.3%,), and the 
other age groups (40-49 years and 50+) constitute a figure 
of a much smaller percentage; that is, 2.9% and 1.9%. 

In terms of roles, students constitute the huge major-
ity of the sample with 95.4%, a very low percentage of fac-
ulty members (1.4%), administrators (1.4%), IT/Analyst 
staff (0.9%), and instructional designers (0.9%). Regarding 
educational degrees of the faculty members, administra-
tors, IT/Analyst staff, and instructional designers, the ma-
jority of them have M.Sc. (50%), followed by Ph.D. (30%), 
and B.Sc. (20%). 
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Regarding terms of professional experience of the fac-
ulty members and others, half of the respondents (50) have 
a 4 to 6 years of experience, 30% above 7 years of experi-
ence, and 20% of 3 years of experience. In terms of their 
familiarity with predictive analytics, 50% of the faculty 
members and other respondents have intermediate level 
of knowledge, 30% of them have no or basic knowledge 
and 20% of them are advanced. Finally, the number of the 
participants (students) is equal between the experimental 
group and the control group, with each having 50 percent 
of the sample. 

Table 3 and Figure 3 gives a clear overview of the de-
mographic and professional demographic of the respond-
ents with students as the majority and the faculty mem-
bers, administrators, IT/Analyst staff, and instructional de-
signers as minority having intermediate experience and 
knowledge in predictive analytics. 
 
3.1.1. Quantitative Findings 

Research Objective (RO) 1: The study forecast at-risk 
students and implement personalised interventions that 
helped to achieve better academic results using the combi-
nation of machine learning algorithms, including Logistic 
Regression, Support Vector machine (SVM), Random For-
est, and XGBoost. 

As presented in Table 2, Random Forest recorded the 
best performance in ROC-AUC (98.38%) and PR-AUC 
(97.58%) followed by XGBoost with 97.76% and 96.60%. 
However, Logistic Regression and SVM outperformed 
models in terms of accuracy (97.43%), precision (97.65%), 
recall (95.95%) and F1-score (96.79%) respectively. 

Out of 5000 institutional datasets from the National 
Open University of Nigeria that was uploaded to the pre-
dictive model, 2005 students were flagged by the model as 
at-risk of academic failure representing 40.1% of the sam-
ple dataset, while 2,995 students were identified as pass 
students representing 59.9% of success rate. As presented 
in Table 2 and Figure 4, to determine the performance of 
the four predictive models; XGBoost, Logistic Regression, 
Random Forest, and Support Vector Machine (SVM), sev-
eral measures were used to give the full picture of the ef-
fectiveness of the predictive model, which were accuracy, 
precision, recall, F1-score, ROC-AUC, and PR-AUC in pre-
dicting at-risk students and recommended intervention. 

Logistic Regression and Support Vector Machine are 
at par with both having an accuracy of 97.43%, precision 
of 97.65%, recall of 95.95% and F1-score rate of 96.79%. 
While XGBoost is marginally higher than Random Forest 
in Precision (96.78% vs. 96.77) and Recall (95.66% vs. 95.38) 
but Random Forest is higher in ROC-AUC (98.38% vs. 
97.76). The scores of Logistic Regression and Support Vec-
tor machine are similar on most metrics, which indicates 
that both approaches are equally useful in this study. The 
most balanced model appears to be Logistic Regression 

and Support Vector Machine which has high accuracy, 
precision, recall and F1-scores. 

XGBoost and Random Forest are almost similar, ex-
cept that the latter appears to be slightly better in terms of 
ROC-AUC and PR-AUC. 

The predictive performance of all four models is very 
high, and the accuracy values are more than 96% which 
means that the models are very reliable to classify student 
learning outcomes. There is also similarity in the values of 
recall in the models (Recall of 96%) implies that the same 
model can be effective in identifying a student who is in-
deed at risk, which is especially important in the early 
warning system when it is expensive to miss the vulnera-
ble learners. The Random Forest recorded the best perfor-
mance with 98.38% of ROC-AUC and 97.57% of PR-AUC 
while Logistic Regression and SVM outperformed other 
model in terms of accuracy, precision, recall and F1-score. 

The Table 3, revealed the seven (7) courses (BIO101, 
CIT104, CHM101, CHM192, GST101, MTH101, and 
PHY101) that were used to conduct the experiment. The 
actual participation in the experiment was 1000 partici-
pants. The two groups (Experimental and Control) were 
assigned 72 participants each for BIO101, CIT104, 
CHM101, CHM192, GST101 while, MTH101, and PHY101 
had 70 participants each bring the total number to 1000 
participants. 

The students that participated in the study were 1000 
in number and were assigned to experimental and control 
groups in equal number. Table 3 and Figure 5 shows the 
results of pre-test and post-test scores of the experimental 
and control groups in various courses, respective gains, 
standard deviation or SD, t-value, degrees of freedom (df), 
p-value, and the effect size (Cohen d). 
In case of BIO101, the experimental group had a significant 
increase in scores, with 13 being the mean increase, a dif-
ference of 52 in the pretest to 65 in the post-test. The t-value 
was 9.19 and the p-value was below 0.001 which means a 
significant effect of a high extent. The magnitude of the ef-
fect (Cohen d) is 1.41 implying a big effect. The control 
group, on the contrary, gained less by 4, with a pre-test 
and post-test mean of 45 and 49, respectively. The control 
group has no significant difference because it is not the fo-
cus in the study. 

In CIT104, score of the experimental group improved 
by 16 points, with a pre-test mean of 52 and a post-test 
mean of 68, t-value of 11.31 and p-value < 0.001. The d 
value of Cohen of 1.42 indicates that the effect size is large. 
The control group, however, recorded a smaller improve-
ment of 2 where the pre-test and post-test were 46 and 48 
respectively and the p-value was not found to be signifi-
cant. 

In the case of CHM101, the experimental group re-
ceived 16 points, with mean 50ina range of 66 with a t-
value of 11.31, p-value less than 0.0001, and a Cohen d of  
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Table 4. Qualitative Findings. 

Theme 
Faculty Members Responses 

(Mentioned in Frequency) 
Students Responses 

(Mentioned in 
Frequency) 

Theoretical Framework 
Alignment 

Knowledge of Pre-
dictive Analytics 
(T1) 

80% have a general 
knowledge; 20% do not know 
the predictive model and how 
it is used in instruction. 

70% know of personal-
ised interventions; only 
30% understand the pre-
dictive analytics fully. 

Constructivism/Mastery Learn-
ing: Predictive analytics makes the 
learning individual and assists 
students to learn at their speed [1]. 

Perceived Ad-
vantages of Adap-
tive Teaching (T2) 

75% believe that personalised 
feedback and content sugges-
tions help them to become 
more engaged and improve 
their student performance. 

60% value personalised 
feedback and recommen-
dations of the resources 
that can help them to bet-
ter their student perfor-
mance 

Theory of Predictive Analytics 
Learning: Predictive analytics 
based adaptive teaching can im-
prove learning through providing 
data-driven, personalised inter-
ventions [2], [21]. 

Obstacles in Im-
plementation (T3) 

60% reported that the time and 
effort required to apply adap-
tive teaching a practical activ-
ity might be too high, particu-
larly in large classes. 

25% believe that adaptive 
teaching is too general, 
and 20% would like to 
communicate more with 
the facilitators 

TAM/UTAUT: Technology ac-
ceptance is a challenge because the 
user has problems in adoption and 
implementation when they find 
the system to be challenging to use 
or not beneficial [3], [21]. 

Facilitator Feed-
back (T4) 

65% say that they have posi-
tive feedback regarding the 
adaptive teaching methods 
though state that they should 
balance the automated sugges-
tions with human judgement. 

30% indicate that the in-
terventions were useful, 
but that they need to be 
more closely aligned with 
the needs of learners. 
 

Self-Regulated Learning: When 
students have adaptive interven-
tions which help them to control 
their learning process, then effec-
tive learning takes place [8]. 

Impact on Student 
Engagement (T5) 

70% think adaptive teaching 
practises increase student en-
gagement through the timely 
intervention and customised 
content. 

55% indicate an increase 
in engagement through 
individual learning paths 
and specific interven-
tions. 

The socio-technical system entitles 
the positive understanding of 
technology and human judgment 
would enhance the performance 
of a system and the interest shown 
by a user in the learning systems 
[36], [37]. 

Impact on Aca-
demic Perfor-
mance (T7) 

65% report on the improve-
ment of student performance 
as a result of the early inter-
vention, which is founded on 
predictive outcomes. 

45% of them affirm that 
the adaptive recommen-
dations allowed them to 
improve grades by 
providing them with ex-
tra materials on challeng-
ing subjects. 

Mastery Learning: Mastery 
through predictive interventions, 
teaches content progressively, en-
abling students to perform better 
[11]. 

Data Quality Con-
cerns (T8) 

40% have questions about the 
credibility of engagement data 
that is being used in predictive 
models as its effectiveness is 
not completely clear to them 

30% are uncertain about 
the effectiveness of some 
recommendations be-
cause they do not fully 
understand the process of 
using the recommended 
resources. 
  

Ethics and Governance Theory: 
When predictive models are en-
deavoured to succeed, securing 
data privacy and ethical applica-
tion of student data is vital in en-
suring the success and trustwor-
thiness of the model [13], [28]. 
 

Support and Satis-
faction (T9) 

80% report feeling that predic-
tive models are useful, but feel 
some scaling and data accu-
racy concerns 

80% reported that they 
were satisfied with the 
adaptive teaching of pre-
dictive models especially 
in personalised feedback. 

Socio-Technical System: Finding 
the balance between technology 
and the interaction with the user is 
a key element to the successful 
learning and the satisfaction of the 
user in adaptive teaching [4], [10]. 
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Figure 6. Comparison on Perceptions and Ethical Issues of Fac-
ulty Members and Students Responses. 
 
1.42, which can be said to have a large effect size. The dif-
ference of 5 points between the control and the 44 and 49 
was not significant. 

In CHM192, the experimental group had a score im-
provement of 18, 52-70, with t-value 12.73 and p-value of 
under 0.001. Cohen d was also large with a value of 1.41. 
The control group increased by 5 points and the difference 
was not significant. In the case of GST101, its experimental 
group raised the duration of the test by 14 points with the 
post-test mean of 68, t=9.9, p= < 0.001 which indicates a 
substantial increase. The Cohen d value of 1.41 shows that 
the effect is large. There was a small increase of 3 points in 
the control group, but it is not significant. In MTH101, the 
experimental group had a 15-point improvement, and a 
mean of the change of 50 to 65. The t-test value of 10.61 and 
p-value of 0.001 are very significant improvement with a 
Cohen d of 1.51 which is a very large effect. The control 
group scored 3 points only. 

Finally, in the case of PHY101, the experimental 
group improved by 16 points starting with a pre-test mean 
of 52, and a post-test mean of 68, t-value of 11.32, and p-
value of below 0.001. The Cohen d of 1.41 indicates a huge 
effect size. The control group however exhibited lesser 
gain of 4 points. Overall, the post-test scores of the experi-
mental groups were significantly higher and the effect 
sizes were high in all courses, which proves that interven-
tions were very effective. The control groups on the other 
hand registered very little changes, which suggest the 
need for the experimental interventions. 
 
3.1.2 Qualitative Findings 

Research Objective (RO) 2: The responses from semi-
structured interview of the study by faculty members and 
students is presented in Table 4. 

Table 4 and Figure 6, illustrates responses of the fac-
ulty members and students regarding different features of 

adaptive teaching and predictive analytics. The faculty 
members tend to be more knowledgeable about predictive 
analytics (80%) than students (70%). Both groups note the 
usefulness of customised feedback and content sugges-
tions, although faculty members have a higher apprecia-
tion of these (75% vs. 60%). There are also higher problems 
with adaptive teaching implementation, which are re-
ported by faculty members in large-size classes (60% vs. 
25%). 

With respect to feedback, 65% of faculty members are 
attracted to the usefulness of the adaptive approaches but 
emphasise the need to balance the use of automation and 
human judgement whereas only 30% of students consider 
the interventions helpful. Faculty members who engage in 
adaptive teaching (70% vs only 55% of students) on en-
gagement believe adaptive teaching to be a factor that en-
hances student engagement. The two groups agree that 
early interventions enhance academic performance with 
65% of the faculty members and 45% students affirming 
the same. Faculty members and students raise data quality 
concerns by 40% and 30-percent, respectively, and each 
one of them demonstrates some degree of uncertainty re-
garding the effectiveness of the recommendations. 

Regarding satisfaction, both faculty members and 
students (80% each) claim their satisfaction with predictive 
models though faculty members express their concerns re-
garding scaling and accuracy of data. On balance, the fac-
ulty members are more inclined to a more informed and 
positive perception of adaptive teaching, and students ac-
centuate the importance of the more adequate correspond-
ence to their learning needs. 
 
3.2. Discussion 

Predictive analytics in the current research was im-
plemented through multiple machine learning models 
that are associated with improvements in student engage-
ment, performance, and retention in the Open and Dis-
tance Learning (ODL) settings. The relationships between 
the machine learning analysis and the educational experi-
ment (pre-test and post-test) can be viewed in light of the 
way in which the machine learning models could pinpoint 
at-risk students and enable personalised interventions 
which were followed with the help of pre-and post-test 
outcomes. 

The 5000 datasets that was uploaded to the predictive 
model consist of various data structure including student-
id, programme, gender, course code, attendance, engage-
ment, TMA score, previous exams score, total score, 
grades, and predicted outcome. representing 40.1% of the 
sample dataset, while 2,995 students were identified as 
pass students representing 59.9% of success rate. The 
study has shown that predictive analytics based adaptive 
pedagogical models hold huge potential in enhancing stu-
dent engagement, performance, and retention in open and 
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distance learning institutions (ODL). The application of 
machine learning algorithms, including the Logistic Re-
gression, Support Vector machine (SVM), random forest 
and XGBoost, have been identified to be effective in iden-
tifying at-risk students and providing them with person-
alised interventions. The rate of accuracy in the usage of 
these models was also astonishing because all the models 
got an accuracy level of more than 96, a fact which under-
lines the effectiveness of the models in terms of ability to 
predict the student learning outcomes besides being able 
to offer the right interventions in due time. 

Random Forest was the most successful model in 
terms of ROC-AUC of (98.38%) and PR-AUC of (97.58%) 
showing that it is most likely to be able to identify students 
at risk and high performing students. However, Logistic 
Regression and SVM outperformed Random Forest and 
XGBoost in terms of accuracy (97.43%), precision (97.65%), 
recall (95.95%) and F1-score (96.79%). The four models are 
effective in forecasting at-risk students hence their bal-
anced nature in regards to false positives and false nega-
tives. XGBoost and Random Forest were a little bit distinct 
whereby XGBoost attained a higher level of accuracy and 
recall and a lower level of ROC-AUC score. However, the 
four models were highly predictive, which means that 
they can be applied in the educational systems intended to 
enhance student performance. 

Although the Logistic Regression and the SVM had 
similar results in various indicators (e.g., accuracy, preci-
sion, and recall), the Random Forest was chosen as the best 
model with higher results in the ROC-AUC (98.38%) and 
PR-AUC (97.58%). The two metrics are especially relevant 
in the case of imbalanced datasets, like the one in this pa-
per, where the percentage of students at risk is lower than 
the percentage of non-at-risk students. 

ROC-AUC is used to measure how the model can dis-
criminate between at-risk and non-at-risk students and the 
discriminative power of Random Forest was the highest. 
While PR-AUC is the performance measurement of the 
model in relation to the positive class (i.e. at-risk students) 
which is essential in early intervention in educational in-
stitutions. The Logistic Regression and SVM were almost 
equal or even more accurate and precise; however, the 
value of ROC-AUC and PR-AUC in Random Forest makes 
it the most suitable due to its ability to detect at-risk stu-
dents which is the primary purpose of the current re-
search. The choice of the best model which is the Random 
Forest was not determined using one feature but rather its 
capability to be used everywhere to predict accurately the 
students under-at-risk and offer useful interventions espe-
cially when it comes to the goals of this study. 

Among the 5,000 students, 1,000 were chosen to take 
part in the educational experiment, according to certain in-
clusion criteria, including willingness to take part in edu-
cation experiment, accessibility to testing, and other 

aspects. These 1,000 participants are therefore described in 
the demographic table, which was evenly divided into ex-
perimental and control groups to implement the educa-
tional intervention, and the larger dataset was trained and 
evaluated the predictive models. This makes sure that the 
connection between the entire data and experimental sam-
ple is well comprehended and there is no misunderstand-
ing about the scope or purpose of data. Although 50 fac-
ulty members were used in semi-interview, making the to-
tal number of both quantitative and qualitative to (n=1050) 
participants. 

In the experimental and control group, the partici-
pants are mostly male (54.2%), with females at 42.8% while 
3% prefer not to say their gender. The majority of partici-
pants are aged 18-29 (61.9%), followed by 30-39 years 
(33.3%). Students represent 95.4% of the sample, while fac-
ulty, administrators, IT/Analyst staff, and instructional de-
signers are in the minority. Most respondents (faculty 
members) with advanced degrees hold an M.Sc. (50%), fol-
lowed by Ph.D. (30%) and B.Sc. (20%). For experience 50% 
have 4-6 years and 50% have intermediate pred knowledge 
of predictive analytics. The experimental and the control 
groups are equally represented by the sample. 

It was also confirmed that predictive analytics had an 
influence on student engagement and retention based on 
the pre-test and post-test scores of the experimental and 
control groups in various courses. The experimental group 
showed considerable improvements in scores in all situa-
tions, while the values of Cohen d values represent a large 
effect size. As an example, the mean change in the experi-
mental group in BIO101 was 13 points, t-value of 9.19, and 
a p-value of less than 0.001, which represents a significant 
effect of the intervention. The control group demonstrated 
increase in 4 points, which was statistically insignificant 
when compared to the experimental group. The control 
group was meant to act as baseline over the experimental 
group, which had an intervention. The predictive model-
based intervention was applied only to the experimental 
group thus the absence of the predictive model-based in-
tervention in the control group. The fact that the results in 
the control group are not significant cannot be regarded as 
a drawback but as an anticipated consequence, as no inter-
vention was used.  

Other similar courses like CIT104, CHM101, 
CHM192, GST101, MTH101, and PHY101 also display the 
same trends in which the experimental group displayed a 
trend where they gained significantly in post-test scores as 
compared to the control group who had slight changes. 
The similarity in courses also establishes the efficacy of 
predictive analytics in improving student outcomes in 
learning, showing that predictive model-based personal 
interventions could have a strong influence on student en-
gagement and student performance. 
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The qualitative findings revealed that the faculty 
members and students reported positive outcomes of the 
implementation of predictive analytics-based adaptive 
teaching. Most faculty members (80%) had a general con-
cept of predictive analytics and 75% of the faculty mem-
bers thought that personalised feedback and content rec-
ommendations helped to increase student engagement 
and better performance. Equally, students (70%) reported 
the value of personalised interventions in improving their 
learning experience, 60% of them were appreciating the 
feedback and the recommendations given by the predic-
tive model.  

Nonetheless, both the faculty members and the stu-
dents were concerned with the problem of adopting the 
adaptive teaching techniques. Faculty members noted that 
it is time and work-consuming to make adaptive teaching 
possible, particularly in large classes; students expressed 
their concerns regarding the efficiency of some sugges-
tions because they do not understand how the process 
works including ethics issues. These hurdles notwith-
standing, the two groups realised the positive effects of the 
interventions on the student engagement and academic 
performance. 

 
3.3. Benchmarking with Existing Studies 

On the findings of current study, a comparison of the 
results with the similar studies in predictive analytics used 
in adaptive teaching shows that there are a few insights. 
The results of present study shows that the performance 
of predictive models, using four machine learning models 
including Logistic Regression, Support Vector Machine 
(SVM), Random Forest, and XGBoost. The key metrics of 
the performance revealed the accuracy of the Logistic Re-
gression and SVM was 97.43%, and the accuracy of Ran-
dom Forest and XGBoost was slightly lower (96.85% and 
96.78% respectively). The highest ROC-AUC was obtained 
with random forest 98.38% and then XGBoost 97.76% com-
pared to the work of [7] with 87% accuracy. 

Also, an ensemble model of Random Forest and 
XGBoost have been found to be more effective than indi-
vidual models in the same study, indicating that combin-
ing multiple models is more effective in predictive tasks in 
education. Other studies such as those of [3] and [4] also 
applied Random Forest and SVM in predicting student 
performance and the model attained a predictive accuracy 
of over 85% and 87% respectively. This can be compared 
to the findings of present study as every model performed 
at a level above 96% meaning that machine learning is very 
robust when used to predict the performance of students 
and is better than the previous studies. 

More so, the present experiment indicated that there 
were large shifts in the study engagement in the experi-
mental group, with large effect sizes (Cohens d 1.4), espe-
cially in courses such as BIO101 and CIT104. The gain in 

post-test scores in the experimental group was quite re-
markable as opposed to the control group. The present 
study is the first to examine predictive analytics in relation 
to student engagement and retention, similar works like 
the one by [4] have demonstrated that predictive analytics 
lead to better post-test results after individualised inter-
ventions with 86% accuracy. Their research also used ma-
chine learning model and concluded that student success 
in online and distance learning relied on personalised in-
terventions. Their study effect sizes were also significant 
which supports the present findings of the effectiveness of 
adaptive teaching but the present study is more significant 
than the previous studies because its uses seven courses in 
the experimental group as against one course used in the 
previous studies [4], [38]. 

The existing research also brought up crucial ethical 
issues, such as privacy of the data, trust, and quality of the 
data on engagement to make predictions. According to 
this, a recent study by [24] highlighted the importance of 
protecting the privacy of student data and ethical use of 
predictive models. This plays a significant role in keeping 
trust which can promote the use of predictive analytics in 
learning institutions. The present study has suggested eth-
ical framework in compliance with the NDPA 2023 and 
GDPR 2018 [26], [27].  

In general, the findings of the current study can be 
compared and, in certain ways, are better than the existing 
research in the domain looking at the accuracy and ROC-
AUC of the models. The predictive models, especially Ran-
dom Forest outperformed the other models in terms of 
ROC-AUC while Logistic Regression and SVM, model ac-
curacy is higher and especially on predicting student per-
formance, and the results on student engagement and re-
tention are just a confirmation of the favourable effect of 
personalised intervention in adaptive teaching [4], [7]. 
 
3.4. Implications of the Study 

There are a number of significant implications of this 
study to the implementation of predictive analytics in 
ODL settings as follows: 

1) Personalisation of Learning: Predictive analytics 
has the potential to contribute to personalization 
of learning in ODL setting in a significant way. Ed-
ucators can make the learning environment more 
responsive by forecasting the students at risk and 
offering special interventions that would satisfy 
the needs of individual students. 

2) Better Retention and Performance: The results of 
the study show that adaptive teaching methodol-
ogies based on predictive analytics can contribute 
to improving student retention and student aca-
demic performance. This is especially true to the 
ODL institutions where in most cases the rate of 
students dropping out is greater than in the tradi-
tional face-to-face environment. 
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3) Scalability and Implementation Issues: The suc-
cess of the predictive models in identifying at-risk 
students and tailoring the learning interventions 
to students, however, comes at a cost of resource-
consuming nature of the latter, as well as the chal-
lenge of scalability. More studies are required to 
streamline such systems to be used on a large scale 
without overburdening the facilitators. 

4) Training of the Facilitator: Faculty members need 
to have sufficient training on how to analyse the 
results of predictive models and apply the adap-
tive teaching methods in practise. The success of 
interventions based on the use of predictive ana-
lytics depends on the ability of the instructors to 
use the tools, which, in turn, is essential to ensure 
the success of the implementation. 

5) Ethical Issues: Privacy, trust including bias and 
fairness is also noted as concerns in the implemen-
tation of predictive analytics model in ODL. 

 
4. Conclusion and Future Work 

The results of this research point to the high potential 
of the application of predictive analytics-based models in 
adaptive teaching within open and distance learning 
(ODL) institutions. The study has revealed that predictive 
analytics are associated with improvements in student en-
gagement, student performance and retention through its 
ability to predict student academic performance and the 
detection of students at risk.  The application of machine 
learning models, including Logistic Regression, Support 
Vector machine (SVM), random forest and XGBoost, 
showed that a random forest is best with an ROC-AUC 
score of 98.38%, and XGBoost came second with 97.76%. 
However, Logistic Regression and Support Vector Ma-
chine outperformed the other models with accuracy of 
(97.43%), precision of (97.65%), recall of 95.95%), and F1-
score of (96.79%). The conclusion underline that these pre-
dictive models are strong instrument in changing the 
teaching strategies providing educators with the oppor-
tunity to offer individual interventions to fulfil the indi-
vidual learning needs of individual students. 

The research contributions in this work are relevant 
in the development of the use of predictive analytics in 
adaptive teaching in Open and Distance Learning (ODL) 
institutions. The study cannot overlook the important is-
sues of student engagement and academic performance as 
well as student retention by creating and applying a ma-
chine learning-based predictive model. The study is the 
first of its kind since it integrates several algorithms, such 
as the Logistic Regression, Support Vector Machine 
(SVM), a random forest, and the XGBoost to identify the 
at-risk students and provide them with the personalised 
intervention. This method is especially helpful in ODL, 
where face-to-face communication is restricted, and it is 

possible to better adapt the teaching to the needs of single 
students. This research is also important to the field as it 
gives empirical evidence based on a large-scale sample of 
5,000 students, where performance outcomes verify the ef-
ficiency of the predictive models in enhancing the out-
comes of students. Besides, the work also revealed the sig-
nificance of resolving ethical issues like privacy of data 
and bias in algorithms and suggests future research direc-
tions in optimising and scaled usage of the models in 
larger institutions of learning 

In a nutshell, the field of predictive analytics realisa-
tion in the context of ODL is an attractive development of 
the educational technology domain. By leveraging the 
power of data to predict student performance and custom-
ise learning interventions, predictive analytics has become 
extremely valuable to the learning process and help to 
achieve better student outcomes by using the capability of 
data to anticipate the performance of students and tailor 
learning interventions [29], [31], [39], [40]. The research 
proves that the role of the human judgement and evi-
dence-based stand can be considered as a key to the devel-
opment of a more accepting and individualised learning 
process.  

The research has some limitations as follows: 
1) The accuracy of the predictions may have been af-

fected by the issues with the data quality includ-
ing the unfinished or inconsistent records of the 
students [14].  

2) The predictive models may also have a scaling is-
sue as the system would have to deal with a bigger 
amount of data in a variety of courses and cohorts.  

3) Ethical concerns, especially in the privacy of stu-
dent information and the control of predictive 
models, ought to be handled as well to ensure that 
such technologies are used in a manner that is re-
sponsible and transparent [26], [27].  

4) The faculty members should also be sufficiently 
trained to be in position to comprehend and apply 
the insights of predictive nature in a manner that 
the interventions would make a difference and 
help the students [31]. 

5) Geographical limitation, as the study cannot be 
generalised since it was implemented in one ODL 
settings, (National Open University of Nigeria). 

The future research should be centred on the following ar-
eas: 

1) Long-term Impact: The long-term effect of predic-
tive analytics-based interventions on the student 
success and retention after several terms would be 
an informative study of the sustainability of the 
interventions. 

2) Scalability and Efficiency: Studies are necessary to 
fine-tune the predictive analytics system to use in 
large-scale implementation of the ODL 
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institutions to ensure that the system can process 
hefty amounts of data without affecting its perfor-
mance or congesting the facilitators. 

3) Combination with other E-learning Technologies: 
The combination of predictive analytics and other 

educational technologies, including gamification 
or AI-based tutoring systems, may be an engaging 
and holistic learning experience of students.
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