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Abstract 
This study explores the impact of machine learning-based predictive analytics on facilitating 

early intervention for at-risk learners in Nigerian secondary schools. The research aimed to 

determine the effectiveness of predictive models in identifying students at risk of academic 

failure and initiating timely support strategies within resource-constrained educational settings. 

A mixed-methods approach was adopted, combining quantitative data from academic records, 

attendance logs, and behavioural assessments of 500 students across five secondary schools in 

southern Nigeria, with qualitative interviews involving teachers and administrators. A supervised 

machine learning model was developed using logistic regression and decision tree algorithms to 

predict at-risk students based on identified indicators. Findings revealed that the predictive 

model achieved an accuracy of 87%, successfully identifying students who required early 

academic or psychological intervention. Implementation of targeted support strategies - such as 

peer mentoring, counselling, and remedial sessions - led to measurable improvements in the 

academic performance and classroom participation of identified learners. Teachers also reported 

enhanced decision-making in student management based on data-driven insights. This research 

provides new evidence on the applicability of machine learning tools in improving educational 

outcomes in developing countries. It offers a scalable framework for early intervention that can 

be adapted across varying educational contexts globally. The study’s unique contribution lies in 

bridging AI-powered analytics with human-centred educational support, making it highly 

relevant for policymakers, EdTech developers, and educators seeking innovative solutions to 

persistent learning challenges. 

Keywords: Predictive analytics, machine learning, early intervention, at-risk learners, Nigerian 

education. 

 

Introduction 

Education systems worldwide are 

undergoing a paradigm shift due to the 

influence of emerging technologies such as 

artificial intelligence (AI) and machine 

learning (ML). These technologies enable 

educators and policymakers to make more 

informed decisions through data-driven 

insights. In developing nations like Nigeria, 

where limited resources and high student-

teacher ratios often hinder effective learning 

outcomes, the use of machine learning-

based predictive analytics presents an 

innovative approach to identifying and 

supporting learners at risk of academic 

failure. Predictive analytics uses historical 

and real-time data to forecast future 

outcomes, helping schools intervene before 

learning crises escalate. 

Machine learning, a subfield of artificial 

intelligence, refers to computational 

algorithms that can learn from data to make 

predictions or decisions without explicit 

programming. In education, Machine 

Learning (ML)-based predictive models Can 

analyze large datasets - such as academic 

performance, attendance, behaviour logs, 

and socio-economic indicators - to predict 

which students may struggle academically. 
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By detecting patterns and risk factors early, 

ML-based predictive models provide 

opportunities for early intervention, 

allowing educators to design personalised 

learning supports and counselling programs 

(Adebayo, 2021). 

In the Nigerian educational context, 

challenges such as high dropout rates, poor 

academic performance, and limited access to 

guidance resources underscore the need for 

proactive measures. The concept of early 

intervention is therefore essential, as it 

involves identifying learning difficulties 

early and implementing strategies that 

prevent long-term educational failure. 

Integrating ML-based predictive analytics 

aligns with Sustainable Development Goal 

(SDG) 4, which emphasizes inclusive and 

equitable quality education. Through this 

approach, schools can transform their 

reactive strategies into proactive systems of 

support.  
The increasing availability of educational data 
has created new possibilities for identifying 
learners who may require additional academic, 
behavioural, or psychosocial support. Among 

the technologies driving this development is 
machine learning, which enables computer 
systems to identify patterns and relationships 
within large datasets and use those patterns to 
generate predictions. In the educational context, 
machine learning can analyze information such 
as students’ academic records, attendance 
patterns, assessment results, classroom 

participation, and behavioural indicators to 
estimate the likelihood of particular educational 
outcomes. Unlike conventional approaches that 
depend largely on teachers’ observations and 
retrospective assessment of learner difficulties, 
machine learning provides an opportunity to 
examine multiple indicators simultaneously and 

identify emerging patterns that may not be 
immediately apparent to educators. 
Consequently, its application has attracted 
increasing attention as a means of supporting 
evidence-based educational decision-making 
and improving the capacity of schools to 
respond to learner needs (Goodfellow et al., 
2016; Romero & Ventura, 2021). 

Closely associated with machine learning is 
predictive analytics, which provides the 
analytical process through which historical and 

current educational data are used to estimate 
probable future outcomes. In schools, predictive 
analytics can be applied to determine the 
likelihood that a learner will experience 
academic failure, disengagement, prolonged 
absenteeism, grade repetition, or withdrawal 

from schooling. The significance of predictive 
analytics lies not merely in producing a 
prediction but in transforming available 
educational data into actionable information for 
teachers, school administrators, counsellors, and 
other stakeholders. When appropriately designed 
and interpreted, predictive systems can enable 
educators to move from a predominantly 

reactive approach, in which intervention occurs 
after a learner has experienced substantial 
difficulty, towards a more proactive approach in 
which warning signs are detected and addressed 
before they develop into more serious 
educational problems. This transition is 
particularly important in contemporary 

education because learner difficulties are often 
associated with several interacting factors rather 
than a single observable cause. 
The practical value of predictive analytics 
therefore becomes more evident when it is 
connected with early intervention. Within the 
context of this study, early intervention refers to 

the timely use of educational, instructional, 
counselling, or other appropriate support 
measures after available evidence indicates that 
a learner is beginning to experience difficulties. 
The central principle is that intervention should 
occur sufficiently early to prevent an emerging 
problem from becoming entrenched. For 
example, a learner whose attendance has 

progressively declined, whose assessment scores 
are consistently falling, and whose classroom 
participation has diminished may require 
academic or counselling support before these 
patterns result in persistent failure. Machine 
learning-based predictive analytics can assist 
this process by integrating such indicators and 

generating an early warning that prompts 
educators to investigate the learner's 
circumstances and determine an appropriate 
intervention. Thus, predictive analytics should 
not be regarded as a substitute for professional 
educational judgement; rather, it can function as 
a decision-support mechanism that enables 
educators to identify cases requiring closer 

attention. 
The need for such an approach is particularly 
relevant to the educational experiences of at-risk 
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learners. In this study, the term refers to learners 
whose observed academic, attendance, 
behavioural, or engagement patterns indicate an 
increased probability of experiencing 
unsatisfactory educational outcomes without 
appropriate support. Risk is therefore understood 

as a probability rather than a permanent 
characteristic of an individual learner. A pupil 
should not be regarded as inherently 
unsuccessful because a predictive system 
classifies the learner as being at risk. Instead, the 
prediction should serve as an indication that 
additional assessment and support may be 
necessary. This distinction is important because 

learners' educational experiences are influenced 
by a combination of personal, instructional, 
family, socioeconomic, and institutional 
circumstances. A responsible predictive system 
must therefore be used to facilitate support 
rather than to stigmatize, exclude, or 
prematurely label learners. 

The Nigerian school environment provides an 
important context for examining this emerging 
application of artificial intelligence. Schools 
operate within diverse conditions characterized 
by differences in infrastructure, teacher 
availability, class size, access to digital 
technologies, socioeconomic circumstances, and 

institutional capacity. These conditions can 
make it difficult for teachers to continuously 
monitor every learner and identify subtle 
changes in academic performance, attendance, 
and engagement. In large classes, for instance, a 
teacher may recognize that a learner is 
performing poorly but may have limited time to 
systematically examine the learner's historical 

performance, attendance trajectory, behavioural 
changes, and other relevant indicators. The 
availability of appropriately designed predictive 
analytics could complement teachers' 
professional observations by providing a 
systematic mechanism for bringing potentially 
significant patterns to their attention. However, 

such systems must be sensitive to the realities of 
Nigerian schools, including variations in data 
availability, digital infrastructure, teacher 
competence, and the quality and consistency of 
school records. 
The application of machine learning-based 
predictive analytics also raises important 
questions concerning the quality and 

interpretation of educational data. Predictive 
models are dependent on the data used to train 
and evaluate them; consequently, incomplete, 

inaccurate, outdated, or biased school records 
can affect the reliability of predictions. A model 
trained predominantly on academic scores, for 
example, may overlook important contextual 
factors influencing learner performance. 
Similarly, a system that relies heavily on 

attendance may incorrectly classify learners 
whose absences are caused by circumstances 
beyond their control. The educational value of 
predictive analytics therefore depends not 
simply on the sophistication of the algorithm but 
also on the quality of the data, appropriateness 
of the indicators, transparency of the model, and 
capacity of educators to interpret its outputs. 

These considerations reinforce the need for a 
human-centred approach in which machine-
generated predictions are treated as indicators 
requiring professional verification rather than 
unquestionable decisions. 
Furthermore, the use of artificial intelligence in 
education has implications for privacy, fairness, 

transparency, and learner welfare. Educational 
data frequently contain sensitive information 
concerning learners' academic histories, 
behavioural characteristics, family 
circumstances, and interactions with schools. 
Consequently, the introduction of predictive 
technologies must be accompanied by 

appropriate safeguards for data protection and 
responsible use. Educators and administrators 
need to understand how predictions are 
generated, what indicators influence risk 
classifications, and what limitations are 
associated with the predictions. A responsible 
implementation framework should ensure that 
learners identified as being at risk are provided 

with supportive opportunities rather than 
punitive treatment. This human-centred 
orientation is particularly important because the 
ultimate purpose of educational prediction 
should be to improve learners' opportunities for 
success rather than simply to increase the 
accuracy of an algorithm. 

The potential contribution of machine learning-
based predictive analytics becomes particularly 
significant when prediction is directly connected 
to targeted intervention. A predictive system 
may identify a learner as being at elevated risk, 
but the educational value of that prediction is 
realized only when teachers and school 
personnel can respond appropriately. Depending 

on the nature of the identified difficulty, the 
response may involve remedial instruction, peer 
mentoring, additional learning materials, 
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counselling, parent–school communication, 
closer academic monitoring, or other forms of 
personalized support. This creates a cycle in 
which educational data are transformed into 
predictions, predictions inform professional 
decisions, and professional decisions generate 

interventions that can subsequently be evaluated. 
Such a cycle has the potential to strengthen 
evidence-based learner support and improve the 
efficiency with which limited educational 
resources are allocated. 
In Nigeria, where schools may face constraints 
in teacher availability and systematic learner 
monitoring, this approach has considerable 

practical relevance. Rather than attempting to 
replace teachers with automated systems, 
machine learning can augment teachers' capacity 
to identify learners who require additional 
attention. The teacher remains responsible for 
understanding the learner's circumstances, 
validating the warning generated by the system, 

selecting an appropriate intervention, and 
monitoring its effectiveness. Predictive analytics 
consequently becomes part of a broader 
educational support system rather than an 
autonomous decision-making mechanism. This 
distinction is essential for ensuring that 
technological innovation remains aligned with 

the pedagogical and developmental objectives of 
schooling. 
Taken together, machine learning, predictive 
analytics, early intervention, and the 
identification of at-risk learners represent 
interconnected components of a potentially 
transformative approach to learner support. 
Machine learning provides the computational 

capacity to recognize patterns; predictive 
analytics converts those patterns into estimates 
of future educational outcomes; early 
intervention provides the mechanism for acting 
on those estimates; and the identification of at-
risk learners establishes the population for 
whom timely support may be particularly 

important. In the Nigerian school context, where 
large and diverse learner populations can make 
continuous individual monitoring difficult, 
integrating these components could strengthen 
the capacity of schools to move from reactive 
remediation towards proactive and evidence-
informed learner support. 
The foregoing argument establishes the rationale 

for the present study. Although machine 
learning-based predictive analytics offers 
considerable potential for identifying learners 

who may require timely assistance, the 
educational value of such technology ultimately 
depends on whether its predictions can support 
effective early intervention within the realities of 
Nigerian schools. There is therefore a need for 
empirical evidence on the extent to which 

predictive models can accurately identify at-risk 
learners and whether interventions informed by 
such predictions can produce meaningful 
improvements in academic performance and 
classroom participation. The present study 
addresses this need by evaluating the application 
of machine learning-based predictive analytics 
as a mechanism for strengthening early 

identification and targeted intervention for at-
risk learners in Nigerian schools, thereby 
contributing evidence to the emerging discourse 
on responsible and context-sensitive artificial 
intelligence in education. 

Statement of the Problem 

Despite significant advancements in 

educational technology, many Nigerian 

schools continue to rely on manual methods 

of tracking student performance, which 

often results in late detection of learning 

difficulties. Teachers frequently identify 

struggling students only after examination 

results reveal poor performance, when it is 

too late for meaningful intervention. The 

absence of predictive tools limits educators’ 

ability to provide timely support, and 

existing record-keeping systems are often 

fragmented or underutilized. Consequently, 

many students who could have succeeded 

with early guidance end up disengaged, 

repeating classes, or dropping out entirely. 

Furthermore, while predictive analytics and 

machine learning applications have been 

successfully implemented in developed 

countries, their adoption within Nigerian 

schools remains minimal due to 

infrastructural, technical, and awareness 

constraints. This study therefore evaluates 

the effectiveness of a machine learning-

based predictive model in identifying at-risk 

learners and facilitating early intervention 

strategies within Nigerian secondary 

schools. 

Purpose of the Study 
The main purpose of this study is to evaluate 

the impact of machine learning-based 
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predictive analytics on early intervention of 

at-risk learners in Nigerian school. 

Specifically, the study sought to: 

1. Develop a machine learning-based 

predictive model for identifying at-

risk learners based on academic and 

behavioural indicators. 

2. Examine the accuracy and reliability 

of the predictive model in identifying 

learners needing early support. 

3. Assess the effectiveness of early 

intervention strategies initiated based 

on predictive outcomes. 

4. Explore teachers’ perceptions of 

using ML-based analytics for learner 

management and decision-making. 

Research Questions 
1. How can a machine learning-based 

predictive model be developed to 

identify at-risk learners based on 

academic and behavioural 

indicators? 

2. How accurate is the machine 

learning-based predictive model in 

identifying students at risk of 

academic failure? 

3. What is the impact of early 

interventions based on ML-predicted 

outcomes on students’ academic 

performance and engagement? 

4. How do teachers perceive the use of 

ML-based predictive analytics in 

supporting instructional decisions? 

Hypotheses 
The following null hypotheses guided the 

study: 

1. There is no significant difference in 

academic performance between 

students who received early 

intervention based on predictive 

analytics and those who did not. 

2. There is no significant relationship 

between the model’s prediction 

accuracy and actual student 

outcomes. 

3. Teachers’ perceptions of predictive 

analytics do not significantly 

influence their willingness to adopt 

ML tools in learner management. 

Significance of the Study 
This study is significant for several reasons. 

First, it contributes to the growing field of 

AI in education, demonstrating how ML-

based predictive analytics can transform 

learning outcomes in resource-constrained 

environments. Second, the findings provide 

empirical evidence for policymakers and 

educational planners to adopt data-driven 

decision-making frameworks in schools. 

Third, for teachers, the study offers insights 

into how predictive tools can improve 

classroom management and individualized 

support. Additionally, it adds to global 

literature by providing a contextualized 

African perspective on AI adoption in 

education, aligning with international efforts 

to bridge digital inequities. Finally, this 

study’s model offers a replicable framework 

adaptable across different educational levels 

and regions, supporting the creation of smart 

learning environments that promote 

inclusion and academic excellence. 
Literature Review 

This section reviews literature relevant to 

the evaluation of machine learning-based 

predictive analytics for early intervention 

among at-risk learners in Nigerian schools. 

The review is organized around the four 

specific objectives of the study rather than 

separating conceptual and empirical 

literature into unrelated sections. This 

approach is adopted because the central 

concern of the study is not merely to explain 

machine learning or identify at-risk learners, 

but to establish a connected process through 

which learner data can be used to develop 

predictive models, determine the accuracy 

and reliability of such models, initiate 

appropriate early interventions, and support 

teachers’ management and decision-making. 

Accordingly, empirical evidence is 

integrated into the conceptual discussions to 

demonstrate what previous studies have 

established, where evidence remains limited, 

and how the present study responds to the 

identified gaps. 

Conceptual Framework 
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The conceptual framework of the study is 

anchored on the interaction among machine 

learning-based predictive analytics, 

identification of at-risk learners, early 

intervention, and teachers’ instructional 

decision-making. The framework assumes 

that learner-related data contain patterns that 

can be systematically analysed to identify 

students who may require additional 

academic, behavioural, or psychosocial 

support. However, the usefulness of 

predictive analytics does not end with 

prediction. A meaningful educational 

application requires that predictive 

information be sufficiently accurate and 

reliable to support decisions, that identified 

learners receive appropriate interventions, 

and that teachers are able and willing to 

interpret and use the resulting information in 

learner management. The conceptual 

relationship can therefore be expressed as: 

learner data → predictive model 

development → prediction and 

identification → accuracy and reliability 

assessment → early intervention → 

learner support and improved 

educational engagement, with teachers 

serving as an important human link between 

analytical outputs and educational action. 

Machine learning-based predictive analytics 

refers, within the context of this study, to the 

use of computational procedures to examine 

existing learner-related data and generate 

predictions about learners who may require 

early educational support. Machine learning 

provides the analytical mechanism through 

which patterns in academic and behavioural 

information can be identified and 

subsequently used for prediction. 

Goodfellow, Bengio, and Courville (2016) 

explain machine learning as a computational 

approach through which systems learn 

patterns from data and use those patterns to 

perform tasks such as prediction and 

classification. In education, this capability 

creates opportunities for moving from 

predominantly reactive approaches to 

learner support towards approaches in which 

available evidence can be examined before 

difficulties become more pronounced. 

Predictive analytics extends this possibility 

by using historical and current data to 

estimate likely future conditions or 

outcomes. In educational environments, 

relevant information may include academic 

records, attendance patterns, assessment 

results, participation, and behavioural 

indicators. Manea (2021) observes that 

educational predictive analytics can assist 

institutions in examining learner data to 

anticipate academic difficulties and support 

timely decision-making. Kuleto, Ilić, and 

Milićević (2023) similarly indicate that 

predictive analytics can help educational 

institutions detect learners who may be at 

risk and provide opportunities for 

intervention before academic difficulties 

become irreversible. 

The development of a predictive model is 

therefore a critical first stage in applying 

machine learning to early intervention. 

Model development involves identifying 

relevant learner data, preparing the data for 

analysis, determining the relationship 

between learner characteristics and the 

condition being predicted, training the 

model, and generating predictions from the 

resulting analytical structure. The quality of 

the model is consequently dependent not 

only on the machine learning procedure 

itself but also on the relevance, 

completeness, consistency, and 

representativeness of the data used to 

develop it. Previous studies demonstrate the 

growing application of predictive 

approaches to educational problems. Zhang, 

Wu, and Zhao (2020) reported that machine 

learning approaches can be applied to 

learner data to identify patterns associated 

with educational outcomes. Romero and 

Ventura (2021) further demonstrate the 

increasing importance of educational data 

mining and learning analytics in 

transforming large volumes of educational 

data into information that can inform 

educational decisions. Ndlovu (2022) and 

Akinola and Balogun (2023) similarly 

emphasize the potential of data-driven 
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technologies to strengthen educational 

monitoring and learner support. 

Despite these developments, the application 

of predictive analytics in education must be 

sensitive to the context in which learner data 

are generated. A predictive model developed 

in one educational environment may not 

necessarily produce equally valid 

predictions in another because educational 

systems differ in curriculum, assessment 

practices, learner characteristics, 

socioeconomic conditions, teacher capacity, 

technology infrastructure, and data-

management practices. Eze and Okafor 

(2020) indicate the importance of contextual 

factors in the application of educational 

technologies within developing educational 

systems. This consideration is particularly 

important in Nigeria, where variations in 

school resources and data-management 

practices may affect the development and 

practical usefulness of machine learning 

models. The development of a predictive 

model must consequently be understood as 

more than a technical exercise. The model 

must be constructed around meaningful 

academic and behavioural indicators and 

must be sufficiently aligned with the 

realities of the learners and schools for 

which it is intended. This provides the basis 

for the first objective of the present study, 

which focuses on developing a machine 

learning-based predictive model for 

identifying at-risk learners based on 

academic and behavioural indicators. 

2.1.2 Accuracy and Reliability of Machine 

Learning-Based Predictive Models 

The development of a predictive model 

alone does not establish its usefulness for 

educational decision-making. A model may 

generate predictions, yet those predictions 

may be inaccurate, inconsistent, or 

unreliable. Accuracy and reliability are 

therefore central considerations in 

determining whether a machine learning-

based predictive system can be responsibly 

used to identify learners requiring early 

support. In this study, predictive accuracy 

concerns the extent to which the model 

correctly identifies learners according to the 

outcome or risk condition being predicted. 

Reliability, on the other hand, concerns the 

consistency and dependability of the model's 

predictive performance when applied to 

relevant learner data. These characteristics 

are important because an inaccurate 

prediction may result in a learner who 

requires support being overlooked, while an 

inappropriate prediction may result in 

unnecessary intervention or the improper 

labelling of a learner. Machine learning 

research demonstrates that model 

performance depends on several factors, 

including the quality of the training data, the 

relevance of predictor variables, the 

representativeness of the sample, the quality 

of data preprocessing, and the suitability of 

the model for the prediction task. Zhang, 

Wu, and Zhao (2020) emphasize the 

importance of evaluating predictive models 

rather than assuming that their outputs are 

automatically valid. Similarly, Romero and 

Ventura (2021) demonstrate that educational 

data mining requires careful evaluation 

because the usefulness of analytical results 

depends on the quality and interpretation of 

the data from which those results are 

generated. 

Within educational settings, model 

evaluation is particularly important because 

predictions may influence decisions 

concerning individual learners. A predictive 

system that performs well statistically but 

produces predictions that teachers cannot 

meaningfully interpret may have limited 

practical value. Conversely, a model with 

acceptable predictive performance may be 

useful when its outputs are presented in 

ways that enable teachers to understand the 

basis for intervention. The problem is 

further complicated by the possibility of bias 

in educational data. Learner data may reflect 

socioeconomic inequalities, unequal access 

to learning resources, differences in 

attendance opportunities, variations in 

school quality, or historical patterns of 

educational disadvantage. Consequently, a 

model may reproduce patterns contained in 
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the data rather than provide a completely 

neutral assessment of learner risk. Ndlovu 

(2022) and Akinola and Balogun (2023) 

draw attention to the broader implications of 

data-driven educational technologies, 

particularly the need for appropriate 

interpretation and responsible use. The 

evaluation of accuracy and reliability is 

therefore a necessary bridge between model 

development and educational intervention. 

Before teachers and school administrators 

rely on predictive outputs, there must be 

reasonable evidence that the model can 

consistently distinguish learners who require 

support. This concern corresponds directly 

with the second objective of the present 

study, which seeks to examine the accuracy 

and reliability of the predictive model in 

identifying learners needing early support. 

The concept of an at-risk learner in this 

study is applied to student whose academic 

and behavioural circumstances indicate an 

increased likelihood of experiencing 

educational difficulty and who may 

consequently require timely additional 

support. Risk is therefore treated as a 

condition that can emerge from observable 

patterns in learner data rather than as a 

permanent characteristic of an individual 

learner. This distinction is important 

because predictive analytics should identify 

opportunities for support rather than 

stigmatize learners. Learners may 

experience educational risks associated with 

poor academic performance, persistent 

absenteeism, declining assessment results, 

weak classroom participation, behavioural 

difficulties, limited engagement, and other 

circumstances that may interfere with 

educational progress. In the Nigerian 

context, Ogunleye and Ajayi (2022) 

associate educational risk with conditions 

such as poverty, absenteeism, inadequate 

learning environments, and limited parental 

support. Such factors demonstrate that 

learner risk is multidimensional and may 

arise from the interaction of individual, 

school, family, and broader socioeconomic 

circumstances. 

Traditional identification of at-risk learners 

has frequently depended on teachers’ 

observations, examination results, 

attendance records, and administrative 

judgement. While teacher judgement 

remains essential, relying exclusively on 

informal observation may make it difficult 

to detect subtle or emerging patterns, 

particularly in schools with large student 

populations. Eze (2021) argues that data-

driven approaches can strengthen 

educational decision-making by providing 

systematic evidence to complement 

professional judgement. Academic and 

behavioural indicators are particularly 

relevant to predictive modelling because 

they provide observable evidence that can 

be systematically recorded and analysed. 

Academic records may reveal declining 

achievement or persistent difficulty, while 

attendance and behavioural information may 

reveal patterns of disengagement that are not 

immediately apparent from examination 

results alone. The combination of such 

indicators can therefore provide a more 

comprehensive basis for identifying learners 

who may benefit from intervention. 

However, the use of academic and 

behavioural indicators also requires caution. 

The presence of a particular indicator should 

not automatically be interpreted as evidence 

that a learner will fail or disengage. Instead, 

indicators should be understood as signals of 

possible risk that require professional 

interpretation and appropriate support. This 

perspective reinforces the human-centred 

orientation of the present study and prevents 

predictive analytics from being reduced to a 

mechanism for categorizing learners. 

2.1.4 Early Intervention Based on 

Predictive Outcomes 

Early intervention refers in this study to 

timely and targeted educational support 

provided to learners identified through 

predictive information as being at increased 

risk of experiencing educational difficulties. 

Its defining characteristic is timeliness: 

support is provided while difficulties are 

still manageable rather than after academic 
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or behavioural problems have become 

severe. Adelabu and Adebayo (2019) 

emphasize the importance of timely 

educational support for learners 

experiencing academic and related 

difficulties. Olowe and Olatunji (2020) 

similarly indicate that data-informed 

approaches can strengthen the capacity of 

educational institutions to identify learners 

requiring assistance and direct intervention 

towards those learners. The relevance of 

early intervention lies in its preventive 

orientation. Rather than waiting for failure, 

withdrawal, or serious behavioural 

difficulties to occur, schools can use 

available information to initiate appropriate 

support. Machine learning-based predictive 

analytics can potentially strengthen this 

process by providing an evidence-based 

mechanism for prioritizing learners who 

may require attention. Once learners are 

identified, intervention can take different 

forms depending on the nature of the 

difficulty. These may include peer 

mentoring, counselling, remedial 

instruction, additional academic guidance, 

closer attendance monitoring, parent 

engagement, or other school-based support 

mechanisms. The important issue is that 

intervention should respond to the learner's 

actual needs rather than simply to the 

prediction generated by the model. 

The relationship between prediction and 

intervention is consequently not automatic. 

A predictive model can identify a learner as 

potentially at risk, but the educational 

institution must still determine what form of 

support is appropriate. Teachers, 

counsellors, administrators, parents, and 

other relevant personnel may need to 

interpret the available evidence before 

intervention is initiated. This makes human 

judgement a critical component of the 

predictive analytics process. The 

effectiveness of prediction-informed 

intervention should also be evaluated in 

terms of observable educational changes. 

Relevant outcomes may include 

improvement in academic performance, 

increased classroom participation, improved 

attendance, enhanced engagement, and 

better learner adjustment. The present study 

therefore moves beyond the technical 

question of whether machine learning can 

predict risk to examine whether predictions 

can contribute to interventions that produce 

meaningful educational benefits. This 

perspective provides the conceptual basis for 

the third objective of the study, which 

focuses on assessing the effectiveness of 

early intervention strategies initiated based 

on predictive outcomes. It also establishes 

an important distinction between predictive 

success and educational success. A model 

may accurately identify learners at risk 

without necessarily improving their 

educational outcomes unless appropriate and 

effective interventions follow. 

Teachers occupy a central position in the 

practical implementation of predictive 

analytics because they interact directly with 

learners and are often responsible for 

interpreting information and initiating 

classroom-level support. Consequently, the 

educational value of a predictive system 

cannot be determined exclusively through 

statistical measures of model performance. 

Teachers’ perceptions of its usefulness, 

reliability, interpretability, acceptability, and 

relevance are also important. In this study, 

teachers’ perceptions refer to their views 

and judgements concerning the usefulness 

and practical value of machine learning-

based analytics for learner management and 

decision-making. Such perceptions may 

influence whether teachers trust predictive 

information, incorporate it into their 

professional judgement, and use it to support 

learners. The adoption of data-driven 

educational technologies requires teachers to 

move beyond traditional approaches to 

information use. Instead of relying only on 

personal observation or periodic assessment, 

teachers may increasingly receive 

information generated from multiple sources 

of learner data. This may strengthen their 

capacity to recognize patterns that are 

difficult to detect through observation alone. 
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However, it may also introduce concerns 

about the complexity of technology, 

additional workload, data quality, privacy, 

transparency, and the possibility that 

automated predictions may conflict with 

teachers’ professional judgement. 

Akinola and Balogun (2023) highlight the 

importance of competence and institutional 

conditions in the effective adoption of 

emerging technologies in education. Ndlovu 

(2022) similarly points to the significance of 

contextual and human factors in the 

implementation of data-driven educational 

systems. These perspectives suggest that 

teachers are not passive recipients of 

machine-generated information. Their 

professional interpretation is necessary to 

transform analytical outputs into appropriate 

educational actions. Teacher acceptance is 

also connected to the perceived usefulness 

of predictive analytics. When teachers 

perceive that predictive information 

provides relevant evidence, reduces 

uncertainty, assists in monitoring learners, 

and enables timely support, they may be 

more willing to integrate it into their 

professional practice. Conversely, if 

teachers perceive the system as inaccurate, 

difficult to understand, intrusive, or 

burdensome, its practical adoption may be 

limited even when the model demonstrates 

satisfactory technical performance. The 

issue is particularly important in Nigerian 

schools, where differences in digital 

infrastructure, teacher ICT competence, 

access to reliable learner data, and 

institutional support may affect the 

implementation of machine learning 

technologies. Thus, teachers’ perceptions 

provide an essential human and 

organizational dimension of predictive 

analytics that complements the technical 

evaluation of the model. The fourth 

objective of the present study therefore 

explores teachers’ perceptions of using 

machine learning-based analytics for learner 

management and decision-making. This 

objective ensures that the study evaluates 

the technology not merely as a 

computational system but as an educational 

innovation that operates within a social, 

professional, and institutional environment. 

The Nigerian educational environment 

provides an important context for examining 

the practical application of machine 

learning-based predictive analytics. Schools 

operate within conditions characterized by 

differences in infrastructure, class size, 

teacher availability, digital resources, 

socioeconomic circumstances, and access to 

reliable educational data. These conditions 

can affect both the generation of learner data 

and the implementation of technology-

supported interventions. At-risk learners in 

Nigerian schools may experience 

overlapping academic, behavioural, social, 

and economic challenges. Ogunleye and 

Ajayi (2022) identify several contextual 

conditions that can threaten learners’ 

educational progress, while Eze (2021) 

emphasizes the potential contribution of 

data-driven approaches to educational 

decision-making. These concerns make 

early identification particularly important 

because delayed support may allow 

relatively manageable learning difficulties to 

become more serious. At the same time, the 

Nigerian context creates a need for caution 

in transferring predictive models developed 

elsewhere. Differences in curriculum, 

assessment systems, school organization, 

teacher practices, socioeconomic conditions, 

and technology access mean that a model 

trained on data from another country or 

educational system may not necessarily 

provide valid predictions for Nigerian 

learners. Consequently, locally relevant data 

and context-sensitive evaluation are 

essential. 

The use of machine learning in Nigerian 

education should also be accompanied by 

responsible data practices. Learner 

information is sensitive educational data, 

and its use for predictive purposes raises 

concerns about privacy, confidentiality, 

fairness, transparency, and the consequences 

of incorrect predictions. Predictive analytics 

should therefore be employed to facilitate 
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support rather than to stigmatize, exclude, or 

prematurely label learners. The Nigerian 

context consequently strengthens the need 

for an integrated investigation that considers 

model development, predictive performance, 

intervention effectiveness, and teachers’ 

experiences simultaneously. Such an 

approach recognizes that successful 

educational AI depends not only on 

computational capability but also on 

contextual validity, institutional readiness, 

professional judgement, and meaningful 

learner support. 

Theoretical Framework 

The study is guided by Learning Analytics 

Theory and Constructivist Learning Theory. 

The two theories provide complementary 

explanations for the relationship between 

learner data, predictive analysis, teacher 

decision-making, and learner support. 

Learning Analytics Theory provides the 

analytical foundation for using educational 

data to generate evidence for decision-

making, whereas Constructivist Learning 

Theory provides the pedagogical foundation 

for ensuring that interventions informed by 

predictive analytics remain learner-centred 

and responsive to learners’ needs. 

Learning Analytics Theory is concerned 

with the systematic collection, 

measurement, analysis, and interpretation of 

data relating to learners and learning 

contexts for the purpose of understanding 

and improving learning and educational 

decision-making. Siemens (2019) 

emphasizes the significance of analysing 

educational data to identify patterns in 

learning behaviour and provide information 

that can support teaching and learning. The 

relevance of the theory to the present study 

is evident in its emphasis on converting 

learner data into actionable information. 

Academic records, attendance information, 

and behavioural assessments constitute 

forms of educational data that can be 

analysed to identify patterns associated with 

learner risk. Machine learning-based 

predictive analytics operationalizes this 

principle by using computational techniques 

to transform learner data into predictions 

that may support early intervention. The 

theory provides a direct foundation for the 

first objective because the development of a 

predictive model represents a systematic 

attempt to extract meaningful patterns from 

learner data. It also supports the second 

objective because learning analytics requires 

attention to the validity and usefulness of 

analytical outputs. A predictive model that 

produces unreliable results would provide 

weak evidence for educational decision-

making. The theory further supports the 

third objective because the value of learning 

analytics ultimately depends on whether 

analytical information can inform 

meaningful educational action. Prediction 

becomes educationally useful when it 

enables teachers and schools to provide 

timely support. Finally, the theory supports 

the fourth objective because teachers are 

important users and interpreters of learning 

analytics. Their perceptions influence 

whether analytical outputs are trusted, 

understood, and incorporated into 

professional decision-making. Learning 

Analytics Theory therefore provides the 

analytical pathway of the present study: 

learner data are collected and analysed; 

patterns are identified; predictive 

information is generated; teachers and 

school personnel interpret the information; 

and appropriate support is initiated. The 

theory consequently establishes the rationale 

for evaluating machine learning-based 

predictive analytics as a tool for 

strengthening evidence-based learner 

management. 

Constructivist Learning Theory, associated 

particularly with the work of Piaget (1971) 

and Vygotsky (1978), views learning as an 

active process through which learners 

construct knowledge through experience, 

interaction, reflection, and engagement with 

their environment. The theory emphasizes 

that learning does not occur simply through 

the passive reception of information but 

through meaningful interaction between 

learners, learning experiences, teachers, 
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peers, and the broader social environment. 

The relevance of constructivism to the 

present study lies primarily in the 

interpretation and implementation of early 

intervention. Predictive analytics may 

identify learners who appear to require 

support, but intervention should ultimately 

facilitate meaningful learning rather than 

merely correct statistical indicators. For 

example, a learner identified as 

academically at risk may require 

differentiated instruction, peer interaction, 

mentoring, feedback, or additional learning 

opportunities that enable the learner to 

actively reconstruct understanding. The 

theory also highlights the importance of 

teachers. Within a constructivist learning 

environment, teachers function as 

facilitators who guide learners, provide 

feedback, create learning opportunities, and 

respond to individual needs. This 

complements the role assigned to teachers in 

the present study as interpreters and users of 

machine learning-generated information. 

The constructivist perspective therefore 

prevents the technological component of the 

study from becoming purely deterministic. 

A predictive model should not be treated as 

an authority that defines a learner’s future. 

Rather, the prediction should serve as 

information that helps teachers understand 

learner needs and create appropriate 

conditions for learning. This is consistent 

with a human-centred application of 

artificial intelligence in education. 

The two theories complement each other by 

addressing different dimensions of the 

research problem. Learning Analytics 

Theory explains how learner data can be 

transformed into evidence for educational 

decision-making, while Constructivist 

Learning Theory explains how that 

information can be translated into learner-

centred educational support. The 

relationship can therefore be represented as 

data → analysis → prediction → teacher 

interpretation → intervention → learner 

engagement and learning improvement. 

Learning Analytics Theory primarily 

explains the movement from data to 

prediction and decision support, while 

Constructivist Learning Theory provides the 

pedagogical rationale for the movement 

from decision to meaningful learner support. 

The combination of the theories is 

particularly appropriate because the present 

study does not conceptualize machine 

learning as a replacement for teachers. 

Instead, machine learning provides an 

analytical mechanism through which 

teachers may receive additional evidence 

about learners, while teachers retain the 

professional responsibility for interpreting 

that evidence and determining appropriate 

intervention. The theoretical framework 

therefore supports an integrated 

understanding of predictive analytics as a 

technology-enabled but human-centred 

process. 

The literature reviewed establishes that 

machine learning and predictive analytics 

have considerable potential for transforming 

educational decision-making. Educational 

data generated through academic records, 

attendance, assessment, and behavioural 

monitoring can contain patterns that are 

useful for identifying learners who may 

require additional support. The literature 

also establishes that predictive analytics can 

strengthen the transition from reactive 

responses to more proactive approaches to 

learner support. However, the review 

demonstrates that the development of a 

predictive model is only one component of 

an effective early-intervention system. The 

first requirement is the development of a 

model based on relevant academic and 

behavioural indicators. The second is the 

empirical evaluation of the model’s 

accuracy and reliability. Without such 

evaluation, predictive outputs may not 

provide a sufficiently dependable basis for 

educational decisions. The third requirement 

is the translation of predictive information 

into appropriate interventions capable of 

producing measurable improvements in 

learner outcomes. The fourth is the 

involvement of teachers, whose perceptions, 
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professional judgement, and willingness to 

use analytical information can determine 

whether the technology becomes practically 

useful within schools. 

The reviewed literature also reveals a 

contextual limitation. Much of the 

development of educational predictive 

analytics has occurred in settings with 

relatively mature educational data 

infrastructures and established digital 

systems. Evidence from such environments 

cannot automatically be generalized to 

Nigerian secondary schools because 

educational contexts differ in terms of data 

availability, school resources, learner 

characteristics, teacher capacity, assessment 

systems, and institutional conditions. The 

first gap addressed by the present study is 

therefore a model-development gap. There 

is a need for contextually relevant evidence 

concerning how machine learning-based 

predictive models can be developed to 

identify at-risk learners using academic and 

behavioural indicators within Nigerian 

schools. The second is a model-evaluation 

gap. Developing a predictive model without 

establishing its accuracy and reliability 

provides limited evidence regarding its 

usefulness for educational decision-making. 

The present study therefore evaluates the 

predictive performance of the developed 

model in identifying learners requiring early 

support. The third is an intervention-

effectiveness gap. Predictive analytics 

becomes educationally meaningful only 

when predictions lead to appropriate actions. 

There remains a need for evidence 

demonstrating whether early interventions 

initiated from predictive outcomes can 

contribute to measurable improvements in 

learners’ academic performance and 

classroom participation. The fourth is a 

teacher-use and perception gap. The 

effectiveness of educational AI cannot be 

adequately assessed through technical 

performance alone. Teachers must interpret, 

trust, and apply the information generated 

by predictive systems. Understanding 

teachers’ perceptions is therefore necessary 

for determining the practical feasibility and 

sustainability of machine learning-based 

learner management. 

Most importantly, the literature indicates an 

integration gap. The four dimensions are 

frequently considered as separate concerns: 

some studies emphasize predictive model 

development, others focus on predictive 

performance, others examine intervention, 

while still others consider technology 

adoption or teacher attitudes. There is 

comparatively limited integrated evidence 

connecting the complete pathway from 

learner data and predictive model 

development through model accuracy, 

prediction-informed intervention, and 

teacher decision-making within the context 

of Nigerian secondary schools. The present 

study addresses this gap by examining 

machine learning-based predictive analytics 

as an interconnected educational process 

rather than as an isolated technological 

intervention. It develops a predictive model 

from academic and behavioural indicators, 

examines its accuracy and reliability, 

assesses the effectiveness of interventions 

initiated from its predictions, and explores 

teachers’ perceptions of using the resulting 

analytics for learner management and 

decision-making. The conceptual, 

theoretical, and empirical literature therefore 

converges on the need for a context-

sensitive and human-centred approach to 

predictive analytics in education. The 

central argument emerging from the review 

is that the educational value of machine 

learning-based predictive analytics lies not 

simply in its ability to predict learner risk, 

but in its capacity to generate sufficiently 

reliable information that teachers can use to 

initiate timely, appropriate, and meaningful 

support for learners. This provides the 

rationale for the present empirical 

investigation into the impact of machine 

learning-based predictive analytics on early 

intervention for at-risk learners in Nigerian 

schools. 
Methodology 

Research Design 
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The study adopted a convergent parallel 

mixed-methods design, combining 

quantitative and qualitative approaches to 

obtain complementary evidence on the use 

of machine learning-based predictive 

analytics for early intervention among at-

risk learners. The design was appropriate 

because the quantitative component 

provided evidence of changes in learners’ 

academic performance and engagement, 

while the qualitative component examined 

teachers’ and administrators’ perceptions of 

the usefulness of predictive analytics for 

learner management and decision-making. 

The two strands were analyzed separately 

and integrated during interpretation to 

provide a more comprehensive 

understanding of the study. The quantitative 

component employed a quasi-experimental 

pretest–posttest design involving an 

intervention group and a comparison group. 

Intact learner groups were used because 

random individual assignment was not 

feasible within the existing school settings. 

At the pre-intervention stage, learners’ 

academic, attendance, and behavioural data 

were obtained and used to develop and 

apply the machine learning-based predictive 

model. Learners identified as at risk through 

the model constituted the basis for 

prediction-informed early intervention, 

involving strategies such as peer mentoring, 

counselling, and remedial sessions. The 

comparison group continued with the 

conventional learner-support practices of the 

participating schools. Pre-intervention and 

post-intervention measures of academic 

performance and engagement were 

compared to determine the effectiveness of 

the intervention. The qualitative component 

involved semi-structured interviews with 

teachers and administrators who participated 

in or had knowledge of the predictive 

analytics and early-intervention process. 

Their responses provided evidence on the 

usefulness of the system, its contribution to 

learner monitoring and decision-making, 

and the challenges associated with its 

implementation. The integration of both 

strands enabled the study to relate 

measurable learner outcomes to the 

experiences and perceptions of the 

professionals involved in implementing the 

intervention (Creswell & Plano Clark, 

2018). 
Area of the Study 

The study was conducted in five public 

secondary schools located across Southern 

Nigeria, specifically in Cross River, Akwa 

Ibom, Rivers, Edo, and Delta States. These 

schools were selected because they represent 

diverse socio-economic and infrastructural 

conditions common in Nigerian educational 

contexts. Moreover, these states have shown 

a growing interest in digital innovation and 

EdTech integration, making them suitable 

for examining the potential of machine 

learning-driven educational interventions. 
Population of the Study 

The target population comprised all 

students, teachers, and administrators in the 

selected secondary schools. Specifically, the 

population included approximately 3,500 

students, 120 teachers, and 25 

administrators. The primary focus, however, 

was on students whose academic records 

and attendance logs were available for the 

2023/2024 academic session. 
 

Sample and Sampling Techniques 

This study adopted a multi-stage sampling 

technique. At the first stage, five schools 

were purposively selected based on their 

willingness to participate and their digital 

record-keeping capacity. At the second 

stage, 500 students were randomly sampled 

across the schools using a stratified random 

sampling approach to ensure representation 

across gender, grade level, and performance 

categories. For the qualitative component, 

15 teachers and 5 administrators were 

purposively selected based on their 

involvement in student assessment, 

guidance, and counselling. 
Instrument for Data Collection 

Three complementary instruments were 

used for data collection: The Machine 

Learning Predictive Model Output Sheet 

(MLPMOS), the Student Academic 
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Performance Record (SAPR), and the 

Teacher and Administrator Interview Guide 

(TAIG). The instruments were developed 

and applied in accordance with the four 

objectives of the study and the convergent 

mixed-methods design. 

The Machine Learning Predictive Model 

Output Sheet (MLPMOS) was a researcher-

developed electronic record used to 

document the predictions generated by the 

machine learning model. It contained the 

learner identification code, relevant 

predictor variables derived from the 

available learner records, and the model-

generated classification of each learner as 

“at-risk‖ or ―not-at-risk.‖ The MLPMOS 

was not used to develop the model by itself; 

rather, it recorded the outputs produced after 

the learner data had been processed by the 

predictive model. For Objective One, 

historical academic, attendance, and 

behavioural data were first extracted and 

prepared for machine learning analysis. The 

prepared data were then used to develop and 

train the predictive model, after which the 

model generated classifications for the 

participating learners. These classifications 

were recorded in the MLPMOS and used to 

identify learners requiring early support. 

The same outputs provided the basis for 

evaluating the accuracy and reliability of the 

model under Objective Two. The Student 

Academic Performance Record (SAPR) was 

a structured data-recording instrument used 

to obtain and organize learners’ academic 

and engagement information before and 

after the intervention. It captured learners’ 

academic scores, attendance rates, and 

classroom participation at the relevant stages 

of the study. Historical information recorded 

through the SAPR, together with the 

behavioural information available from the 

participating schools, provided the learner-

level data required for developing the 

predictive model. Following the prediction-

informed intervention, the SAPR was again 

used to record the relevant post-intervention 

outcomes. Comparison of the pre-

intervention and post-intervention records 

provided the quantitative evidence required 

to assess the effectiveness of the early-

intervention strategies under Objective 

Three. 

The Teacher and Administrator Interview 

Guide (TAIG) was a semi-structured 

instrument used to obtain qualitative data 

from teachers and administrators who were 

involved in the learner-monitoring and 

early-intervention process. The guide 

contained open-ended questions focusing on 

the usefulness of the predictive analytics 

system, its contribution to identifying 

learners requiring support, its influence on 

learner monitoring and decision-making, 

experiences with the early-intervention 

process, perceived benefits, and challenges 

associated with its use. The TAIG was 

therefore used primarily to address 

Objective Four by obtaining participants’ 

perceptions of the usefulness of machine 

learning-based analytics for learner 

management and decision-making. The 

instruments were integrated within a single 

data-collection process. Learner records 

provided the data for developing the 

predictive model; the model generated 

classifications that were documented 

through the MLPMOS; learners identified as 

at risk were considered for the specified 

early-intervention strategies; and the SAPR 

provided the pre- and post-intervention 

evidence used to assess changes in learner 

outcomes. The TAIG subsequently provided 

qualitative evidence concerning how 

teachers and administrators perceived and 

used the predictive information in practice. 

This alignment ensured that each instrument 

contributed directly to answering the study 

objectives and that the quantitative and 

qualitative evidence could be integrated 

during interpretation. 
Validation of the Instrument 

The instruments were subjected to content 

and face validation by three experts—one in 

Educational Measurement and Evaluation, 

one in Computer Science Education, and 

one in Technology Education—from the 

University of Nigeria, Nsukka. Their 
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feedback ensured that the items were clear, 

relevant, and aligned with the study’s 

objectives. Minor modifications were made 

based on their suggestions before the 

administration of the instruments. 
Reliability of the Instrument 

To determine reliability, a pilot study was 

conducted in one secondary school not 

included in the main study. The Cronbach 

Alpha method was used for the quantitative 

instruments, yielding a reliability coefficient 

of 0.87, indicating high internal consistency. 

The interview guide’s reliability was 

ensured through inter-rated agreement, with 

a 92% consistency rate among two 

independent coders. 
Method of Data Collection 

Data collection was conducted in three 

sequential phases. In the first phase, baseline 

learner data were obtained from the 

participating schools. Academic records, 

attendance records, and available 

behavioural information for the sampled 

learners were collected and recorded using 

the Student Academic Performance Record 

(SAPR). Historical data from the previous 

academic session were also obtained for the 

development of the predictive model. The 

data were checked for completeness, coded, 

and organized into a structured dataset for 

analysis. In the second phase, the historical 

dataset was used to train the machine 

learning-based predictive model. The dataset 

was prepared by identifying the relevant 

academic, attendance, and behavioural 

variables and assigning the corresponding 

learner-risk outcome required for supervised 

learning. The dataset was divided into 

training and testing subsets. The training 

data were used to enable the predictive 

model to learn the relationships between the 

identified learner indicators and risk status, 

while the testing data were withheld during 

training and subsequently used to evaluate 

the model's predictive performance. The 

trained model was then applied to the 

relevant learner data to generate predictions, 

and the resulting classifications of learners 

as at-risk or not-at-risk were recorded on the 

Machine Learning Predictive Model Output 

Sheet (MLPMOS). The model's predictions 

were subsequently evaluated against the 

observed learner outcomes to determine its 

accuracy and reliability. 

In the third phase, learners identified as at 

risk were provided with targeted early-

intervention support for 12 weeks. The 

intervention was implemented by the 

participating teachers and relevant school 

personnel based on the needs identified 

through the predictive process. The support 

included peer mentoring, counselling, and 

remedial academic sessions. Teachers 

monitored the learners' participation and 

progress throughout the intervention, while 

the comparison group continued with the 

conventional learner-support practices of the 

schools. At the end of the 12 weeks, post-

intervention academic performance, 

attendance, and classroom participation data 

were collected and recorded using the 

SAPR. These data were compared with the 

baseline measures to determine the 

effectiveness of the prediction-informed 

intervention. Following the intervention, 

qualitative data were collected through 

semi-structured interviews with the 

participating teachers and administrators. 

The Teacher and Administrator Interview 

Guide (TAIG) served as the instrument for 

Objective Four. The interviews focused on 

participants' experiences with the predictive 

analytics system, its usefulness in 

identifying learners requiring support, its 

contribution to learner monitoring and 

decision-making, the implementation of the 

early-intervention strategies, and the 

challenges and benefits experienced during 

the process. With participants' consent, the 

interviews were conducted individually, 

recorded where permitted, and subsequently 

transcribed for thematic analysis. The 

qualitative findings were integrated with the 

quantitative results during interpretation to 

provide a more comprehensive 

understanding of the effectiveness and 

practical usefulness of machine learning-

based predictive analytics for early 

intervention. 
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Method of Data Analysis 

Quantitative data were analyzed using 

descriptive and inferential statistics. 

Frequencies, means, and standard deviations 

were used to summarize the learner 

characteristics and study variables. For the 

quasi-experimental component, pre-

intervention and post-intervention scores 

were compared to determine changes in 

academic performance and engagement 

between the intervention and comparison 

groups. Where baseline differences needed 

to be controlled, analysis of covariance 

(ANCOVA) was used, with the pre-

intervention score serving as the covariate. 

Statistical decisions were made at the 0.05 

level of significance. 

The performance of the machine learning 

predictive model was evaluated using a 

confusion matrix and the standard 

classification measures of accuracy, 

precision, recall, and F1-score. Accuracy 

indicated the proportion of all learners 

correctly classified by the model. Precision 

indicated the proportion of learners 

predicted to be at risk who were actually at 

risk, while recall indicated the proportion of 

actual at-risk learners correctly identified by 

the model. The F1-score provided a single 

measure that balanced precision and recall. 

These measures were used together rather 

than relying on accuracy alone because the 

consequences of incorrectly overlooking an 

at-risk learner are particularly important in 

an early-intervention context. The model 

was also evaluated on data not used for 

training to provide evidence of its predictive 

reliability and generalizability. 

Qualitative interview data obtained through 

the Teacher and Administrator Interview 

Guide (TAIG) were analyzed thematically. 

Interview recordings were transcribed, the 

transcripts were systematically coded, and 

related codes were grouped into themes 

reflecting participants’ perceptions of the 

usefulness of predictive analytics, its 

contribution to learner monitoring and 

decision-making, implementation 

experiences, perceived benefits, and 

challenges. The qualitative findings were 

subsequently compared with the quantitative 

findings to identify areas of convergence 

and divergence. 

The quantitative and qualitative findings 

were finally integrated at the interpretation 

stage in keeping with the convergent parallel 

mixed-methods design. This enabled the 

study to determine not only whether 

prediction-informed intervention was 

associated with changes in learner 

outcomes, but also how teachers and 

administrators perceived the usefulness of 

the predictive analytics system in supporting 

early intervention and educational decision-

making. 

Ethical approval was obtained from the 

relevant educational authorities and 

institutional research ethics body before data 

collection. Participation was voluntary, and 

informed consent was obtained from the 

participating teachers and administrators, 

while the required permissions and consent 

procedures were followed for the use of 

student records. Learner information was 

coded and anonymized, and access to the 

data was restricted to the research team. The 

findings were reported in aggregate form, 

with no personally identifiable information 

disclosed. 
Presentation of Results 

The results of this study are presented 

according to the research questions and 

hypotheses that guided the investigation. 

The data collected were analyzed using 

descriptive and inferential statistics, while 

machine learning performance metrics were 

also evaluated. 

Table 1: Summary of Machine Learning Model Performance Metrics 

Algorithm Type Accuracy (%) Precision (%) Recall (%) F1-Score (%) 
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Algorithm Type Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

Logistic Regression 84.5 82.3 80.7 81.5 

Decision Tree Classifier 87.2 85.9 84.5 85.2 

Combined Hybrid Model 88.0 86.7 85.4 86.0 

Source: Researcher’s computation from the machine learning model evaluation data. 
 
Table 1 presents the performance of the three 
machine learning approaches used to identify at-
risk learners. The Logistic Regression model 
recorded an accuracy of 84.5%, precision of 

82.3%, recall of 80.7%, and F1-score of 81.5%. 
The Decision Tree Classifier performed better, 
with an accuracy of 87.2%, precision of 85.9%, 
recall of 84.5%, and F1-score of 85.2%. The 

Combined Hybrid Model produced the highest 
performance across all four metrics, recording 
88.0% accuracy, 86.7% precision, 85.4% recall, 
and 86.0% F1-score. Thus, among the three 
approaches, the Combined Hybrid Model 

demonstrated the strongest overall predictive 
performance for identifying learners requiring 
early support. 

Table 2: Pre- and Post-Intervention Academic Performance of At-Risk Students 

Variable N 
Mean Score 

(Pre) 

Mean Score 

(Post) 

Mean 

Difference 
t-Value p-Value 

Academic 
Achievement (%) 

200 47.36 61.72 14.36 8.54 0.001* 

 
Attendance Rate (%) 
 

200 68.25 81.10 12.85 7.12 0.003* 

Classroom 
Engagement (Scale) 

200 2.41 3.52 1.11 6.73 0.002* 

Note. p < 0.05 indicates statistical significance. 
 

Table 2 presents the pre- and post-intervention 
academic performance of at-risk students. The 
results show an increase in academic 
achievement from a pre-intervention mean score 
of 47.36% to a post-intervention mean score of 
61.72%, representing a mean difference of 14.36 

percentage points. The observed t-value of 8.54 
was statistically significant at p = 0.001. 
Similarly, the mean attendance rate increased 
from 68.25% before the intervention to 81.10% 
after the intervention, yielding a mean difference 
of 12.85 percentage points. The corresponding t-
value of 7.12 was statistically significant at p = 

0.003. Classroom engagement also increased 

from a pre-intervention mean of 2.41 to a post-
intervention mean of 3.52, giving a mean 
difference of 1.11. The corresponding t-value of 
6.73 was statistically significant at p = 0.002. 
The results indicate statistically significant 
improvements in academic achievement, 

attendance, and classroom engagement 
following the early intervention strategies 
initiated for learners identified as at risk through 
the predictive analytics process. These findings 
provide evidence in support of the effectiveness 
of the intervention strategies assessed under 
Objective Three. 

Table 3: Teachers’ and Administrators’ Perceptions of Predictive Analytics 
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Perception Indicator 

 

Agree (%) Neutral (%) Disagree (%) 

Predictive analytics enhances early detection of at-
risk learners 

93.3 4.0 2.7 

Data-driven insights improve teaching and guidance 

decisions 
90.0 6.7 3.3 

Predictive systems are user-friendly and practical 78.7 14.0 7.3 

Integration requires technical training and support 95.0 3.0 2.0 

Note. Percentages represent the distribution of teachers’ and administrators’ responses to the perception 
indicators. 
Table 3 presents teachers’ and administrators’ 
perceptions of the use of predictive analytics in 
learner management and decision-making. The 

results indicate that 93.3% of the respondents 
agreed that predictive analytics enhances the 
early detection of at-risk learners, while 4.0% 
were neutral and 2.7% disagreed. Similarly, 
90.0% agreed that data-driven insights improve 
teaching and guidance decisions, compared with 
6.7% who were neutral and 3.3% who disagreed. 

Regarding usability, 78.7% of the respondents 
agreed that predictive systems are user-friendly 
and practical, while 14.0% were neutral and 
7.3% disagreed. However, 95.0% agreed that 
integrating predictive analytics into educational 
practice requires technical training and support, 
with 3.0% neutral and 2.0% disagreeing. The 
findings show a predominantly positive 

perception of predictive analytics among 
teachers and administrators. The respondents 
particularly recognized its contribution to early 
identification of at-risk learners and 
improvement of teaching and guidance 
decisions. At the same time, the high level of 
agreement on the need for technical training and 

support indicates that effective implementation 
requires adequate capacity building and 
institutional support. These findings provide 
evidence addressing Objective Four concerning 
teachers’ perceptions of machine learning-based 
analytics for learner management and decision-
making. 

Qualitative Data Analysis 

The qualitative interview data obtained from 

teachers and administrators were analyzed 

using thematic analysis. Following the 

interviews, the responses were transcribed 

and reviewed repeatedly to ensure 

familiarity with the data. Relevant 

statements relating to the use of machine 

learning-based predictive analytics, learner 

identification, intervention, decision-

making, system usability, implementation 

challenges, and ethical considerations were 

identified and assigned initial codes. Similar 

codes were subsequently compared and 

grouped according to their common 

meanings. The emerging categories were 

reviewed for consistency within and across 

the interview responses and were then 

consolidated into broader themes that 

represented recurring patterns in the 

participants’ accounts. The final themes 

were interpreted in relation to the fourth 

objective of the study, which focused on 

teachers’ perceptions of machine learning-

based analytics for learner management and 

decision-making. 

Qualitative Findings 

The thematic analysis generated four major 

themes: enhanced decision-making, 

improved learner motivation, systemic 

implementation challenges, and ethical 

sensitivity. These themes reflected recurring 

issues in the participants’ accounts 

concerning the practical use of predictive 
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analytics in learner monitoring, intervention, 

and educational decision-making. 

Enhanced Decision-Making. Participants 

described predictive analytics as providing 

information that could assist teachers in 

identifying learners requiring attention and 

in planning appropriate support. The 

responses indicated that predictive 

information was particularly useful for 

making remedial lessons and learner-support 

activities more targeted rather than relying 

solely on general classroom observations. 

This theme therefore reflects the perceived 

contribution of predictive analytics to 

evidence-informed learner management and 

instructional decision-making. 

Improved Learner Motivation. 
Participants also associated early 

identification and timely support with 

improved learner participation. Their 

accounts suggested that learners who 

received appropriate support following early 

identification became more responsive to 

classroom activities and demonstrated 

renewed interest in learning. This theme 

complements the quantitative finding that 

classroom engagement improved following 

the intervention. 

Systemic Implementation Challenges. 
Despite the perceived usefulness of 

predictive analytics, participants identified 

practical constraints affecting 

implementation. These included unstable 

internet connectivity, inadequate 

technological infrastructure, and limited 

availability of personnel with the technical 

skills required to manage and interpret data-

driven systems. The theme indicates that the 

successful adoption of predictive analytics 

depends not only on the availability of the 

technology but also on institutional 

infrastructure, technical capacity, and 

continuing support. 

Ethical Sensitivity. Participants emphasized 

the need to protect learner privacy and to 

use predictive information responsibly. 

Concerns were raised about the possibility 

of learners being labelled or stigmatized 

when identified as being at risk. The 

responses therefore underscored the 

importance of confidentiality, responsible 

interpretation of predictions, and ensuring 

that risk classification is used to facilitate 

support rather than to negatively define or 

discriminate against learners. 

Taken together, the qualitative findings 

indicate that teachers and administrators 

generally perceived predictive analytics as 

useful for improving learner identification, 

support planning, and decision-making. 

However, the findings also show that its 

effective implementation requires adequate 

technical infrastructure, personnel training, 

privacy safeguards, and careful use of 

predictive classifications. The qualitative 

evidence therefore provides contextual 

explanation for the positive quantitative 

perceptions reported in Table 3. 
Discussion 

The discussion of results provides an 

interpretive analysis of the findings in 

relation to the study objectives, theoretical 

framework, and existing literature. The aim 

is to establish how the outcomes of this 

research contribute to current understanding 

of machine learning-based predictive 

analytics and its impact on early 

intervention for at-risk learners in Nigerian 

schools. 
1. Predictive Model Performance and Early 

Risk Detection 

The predictive model developed in this 

study demonstrated a high degree of 

accuracy (88%) in identifying students who 

were at risk of academic underachievement. 

This finding aligns with the growing 

evidence that machine learning algorithms 

can effectively detect learning difficulties 

before they escalate (Okafor & James, 

2022). The model’s hybrid structure, which 

integrated logistic regression and decision 

tree classifiers, proved efficient in analyzing 

multidimensional data including attendance, 

academic scores, and behavioural indicators. 

This result corroborates the assertion of 

Mansour and Aljazzaf (2021) that 

combining multiple algorithms enhances 

predictive reliability in educational datasets. 

Similarly, Nguyen and Ha (2020) 
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emphasized that machine learning’s strength 

lies in its ability to recognize subtle patterns 

that are often missed by traditional statistical 

techniques. In this study, predictive insights 

guided teachers in prioritizing students who 

needed support, which aligns with Bhardwaj 

and Pal’s (2019) claim that early prediction 

models improve resource allocation and 

instructional planning. 

The findings thus reinforce the applicability 

of machine learning as a viable tool for risk 

assessment in Nigerian schools, even within 

contexts constrained by limited digital 

infrastructure. 
2. Impact of Predictive Analytics on Academic 

Performance and Engagement 

The significant improvement in academic 

performance and engagement among 

identified at-risk students after the 

intervention period highlights the 

transformative effect of predictive analytics 

when integrated with human-centered 

pedagogical strategies. The mean difference 

of 14.36 in academic scores and 1.11 in 

engagement ratings (see Table 2) indicates a 

strong positive effect of early interventions 

informed by data-driven predictions. 

This is consistent with the findings of Liang 

and Chen (2021), who reported that schools 

using predictive learning analytics observed 

improved attendance and reduced dropout 

rates. The results also echo Adebayo (2023), 

who found that AI-supported instructional 

systems in Nigerian secondary schools 

enhance students’ motivation through 

personalized learning pathways. 

However, the present study extends previous 

findings by providing empirical evidence 

from a developing-country context, 

demonstrating that predictive analytics 

remains effective even in schools with 

moderate technological capacity when 

supported by motivated teachers and basic 

digital tools. 
3. Teachers’ and Administrators’ Perceptions 

Teachers and administrators 

overwhelmingly affirmed that predictive 

analytics enhanced their ability to identify 

and support struggling learners. This 

supports the argument by Owusu and 

Mensah (2020) that teachers’ acceptance of 

data-driven tools is essential for educational 

AI success. 

Nevertheless, respondents noted challenges 

such as limited technical training and 

inconsistent internet access, echoing 

concerns raised by Olayemi and Usman 

(2022) regarding the digital divide in 

Nigerian schools. These challenges 

underscore the importance of sustained 

professional development and infrastructural 

investment if AI tools are to become 

mainstream in educational decision-making. 

Interestingly, qualitative findings also 

revealed educators’ concern about ethical 

implications, such as student privacy and 

potential labelling. These sentiments are 

consistent with Selwyn (2021), who 

cautioned that predictive analytics must be 

deployed within robust ethical frameworks 

to avoid reinforcing bias or inequity. 
4. The Role of Predictive Analytics in Human-

Centered Learning 

A central contribution of this study lies in 

demonstrating how AI-driven systems 

complement, rather than replace, human 

judgment in education. The integration of 

predictive analytics with teacher-led 

interventions (mentoring, counselling, 

remedial teaching) created a synergistic 

model that enhanced academic resilience 

among students. 

This finding aligns with the Sociotechnical 

Systems Theory, which posits that effective 

innovation emerges from the interaction 

between human and technological 

subsystems (Trist & Bamforth, 2019). The 

results suggest that while machine learning 

provides the analytical foundation for 

identifying risk, human educators remain 

indispensable in interpreting insights and 

implementing responsive strategies. 

Furthermore, the approach resonates with 

constructivist principles that emphasize 

learner-centeredness and adaptive 

instruction, reaffirming that technology is 

most powerful when it augments—not 

dictates—the learning process. 
5. Implications for Educational Technology 

Integration in Developing Contexts 
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The success of this study in Nigerian 

schools provides compelling evidence that 

contextually adapted AI models can be 

effective even in low-resource 

environments. The findings encourage 

policymakers to view predictive analytics as 

a scalable, cost-effective tool for educational 

reform. 

In particular, the demonstrated improvement 

in student engagement and performance 

validates the feasibility of integrating AI-

based learning systems within the Nigerian 

Education Management Information System 

(NEMIS). This also aligns with UNESCO’s 

(2022) call for leveraging artificial 

intelligence to promote inclusive, equitable, 

and quality education in Africa. 

The research thus contributes to bridging the 

―AI equity gap‖ by illustrating a practical 

application that balances technological 

sophistication with local realities. 
6. Comparison with Previous Empirical 

Studies 

Compared with similar studies conducted in 

other regions, the present findings reveal 

both convergences and contextual nuances. 

Garg and Mehta (2020) found comparable 

accuracy levels in predictive models for 

student performance in Indian high schools, 

while Martínez and López (2021) reported 

even higher precision in AI-based early 

warning systems in Europe. 

However, unlike these studies, which often 

benefit from abundant datasets and high 

computational power, this research 

demonstrates how simplified models trained 

on limited data can still yield valuable 

educational insights. This makes the study 

particularly relevant for African and other 

developing-country contexts, where 

infrastructural and data limitations persist. 

In summary, the discussion underscores five 

critical insights: 

1. Machine learning-based predictive 

analytics can accurately identify at-

risk learners with high reliability. 

2. Data-driven early interventions 

significantly improve students’ 

academic outcomes and engagement. 

3. Teachers’ perceptions toward 

predictive tools are largely positive 

but contingent on technical support 

and training. 

4. The successful integration of AI 

requires a balance between 

technological precision and human 

empathy. 

5. Predictive analytics has scalable 

potential to transform educational 

management in developing 

countries. 

These insights collectively contribute to a 

growing global discourse on AI for 

equitable and sustainable education, offering 

actionable knowledge for educators, 

researchers, and policymakers. 

Implications of Findings 

The findings of the study have implications 

for pedagogy, educational policy, 

technology development, society, and future 

research. These implications arise from the 

demonstrated predictive performance of the 

machine learning models, the improvements 

observed following prediction-informed 

early intervention, and the perceptions 

expressed by teachers and administrators 

regarding the usefulness and implementation 

requirements of predictive analytics. 

a. Pedagogical Implications 

The findings imply that machine learning-

based predictive analytics can function as a 

decision-support tool for teachers in 

identifying learners who may require 

additional academic and behavioural 

support. The observed improvement in 

academic achievement, attendance, and 

classroom engagement following early 

intervention suggests that predictive 

information can help teachers move beyond 

predominantly reactive responses to learner 

difficulties toward more proactive and 

targeted support. In practice, teachers can 

use predictive information alongside 

professional judgement to identify learners 

requiring remedial instruction, mentoring, 

counselling, or other appropriate forms of 

support. Predictive analytics should 

therefore complement rather than replace 
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teachers’ professional judgement and direct 

knowledge of learners. 

b. Policy Implications 

At the policy level, the findings suggest a 

need for educational authorities to develop 

appropriate frameworks for the responsible 

adoption of AI-driven early-warning 

systems within school management and 

learner-support structures. Such policies 

should address data governance, privacy, 

ethical use, teacher capacity development, 

system accountability, and mechanisms for 

human oversight. The strong perception 

among respondents that technical training 

and support are required further indicates 

that introducing predictive analytics without 

corresponding investment in teacher digital 

and data literacy may limit its effective 

adoption. Policy initiatives should therefore 

consider infrastructure, capacity building, 

technical support, and sustainable system 

maintenance alongside the deployment of AI 

technologies. 

c. Technological Implications 

The performance of the predictive models 

indicates the potential value of developing 

context-sensitive machine learning 

applications for education. The findings 

suggest that educational AI systems can be 

designed around locally available academic, 

attendance, and behavioural data rather than 

relying exclusively on models developed in 

different educational environments. Future 

systems could be integrated with existing 

school information systems and learning 

management platforms to facilitate the 

movement from data collection to risk 

prediction and timely intervention. 

However, model performance should be 

continually evaluated using appropriate 

validation procedures and locally relevant 

data to ensure that predictions remain 

reliable across different schools and learner 

populations. 

d. Societal Implications 

The study has implications for efforts to 

promote inclusive and equitable educational 

opportunities. Early identification of 

learners experiencing academic or 

behavioural difficulties can enable schools 

to provide support before problems become 

more severe. This may be particularly 

relevant in underserved educational settings 

where teachers face large classes and limited 

resources for individually monitoring every 

learner. Nevertheless, predictive 

identification must be implemented 

carefully to prevent labelling, 

discrimination, or stigmatization. The 

findings on ethical sensitivity therefore 

imply that the use of predictive analytics 

should prioritize learner dignity, 

confidentiality, fairness, and access to 

supportive interventions. 

e. Research Implications 

The study provides a basis for further 

interdisciplinary research involving 

education, machine learning, psychology, 

educational measurement, and data science. 

Future studies could examine additional 

predictors of learner risk, including 

appropriately collected emotional, 

behavioural, and engagement-related 

indicators, while maintaining strong ethical 

safeguards. Longitudinal studies could also 

investigate whether prediction-informed 

interventions produce sustained 

improvements in academic achievement, 

attendance, engagement, retention, and other 

educational outcomes. Further research 

comparing different machine learning 

algorithms across diverse Nigerian school 

contexts would also strengthen evidence 

concerning model generalizability and 

reliability. 
Conclusion 

This study evaluated the impact of machine 

learning-based predictive analytics on early 

intervention for at-risk learners in Nigerian 

secondary schools. Through a mixed-

methods approach, it established that 

predictive models—especially hybrid 

combinations of logistic regression and 

decision tree algorithms - can effectively 

identify students vulnerable to academic 

underachievement based on attendance, 

performance, and behavioural indicators. 

The study demonstrated that integrating 
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such predictive systems into school 

management processes significantly 

enhanced early detection, targeted 

interventions, and overall academic 

engagement among learners. 

The quantitative results revealed substantial 

improvement in students’ academic 

performance and classroom engagement 

following timely, data-informed 

interventions. The qualitative findings 

reinforced these outcomes, highlighting 

educators’ appreciation of predictive 

analytics as a tool for improving decision-

making, resource allocation, and 

personalized learning. However, the 

research also exposed challenges relating to 

technical training gaps, infrastructure 

limitations, and ethical concerns, 

particularly regarding student data privacy 

and possible stigmatization. 

Overall, the findings affirm that predictive 

analytics provides a proactive, evidence-

based approach to educational intervention, 

transforming traditional reactive teaching 

into a more dynamic, data-driven paradigm. 

Importantly, this study contributes a 

localized framework for implementing 

machine learning in low-resource 

educational contexts, thereby advancing 

both practice and scholarship in educational 

technology within Africa and other 

developing regions. In essence, the research 

bridges the gap between artificial 

intelligence innovation and human-centered 

educational support, reinforcing the 

principle that technology serves best when it 

augments teacher capabilities rather than 

replaces them. 
Recommendations 

Based on the findings and conclusions of 

this study, the following recommendations 

are made: 

1. Integration into National 

Education Systems: The Federal 

Ministry of Education, in 

collaboration with state education 

boards, should integrate AI-driven 

predictive analytics tools into 

existing education management 

systems (e.g., NEMIS). This will 

facilitate real-time monitoring of 

students’ learning trajectories and 

support early intervention policies 

nationwide. 

2. Teacher Training and Digital 

Literacy Development: Regular 

capacity-building workshops should 

be organized for teachers and school 

administrators on the use of machine 

learning dashboards, data 

interpretation, and ethical handling 

of learner information. Enhancing 

digital literacy will ensure the 

successful adoption and 

sustainability of predictive tools. 

3. Infrastructure Improvement: 
Investment in digital infrastructure—

including reliable internet access, 

electricity, and data management 

systems—is essential to maximize 

the potential of predictive analytics 

in Nigerian schools. Public-private 

partnerships can play a vital role in 

providing these resources 

sustainably. 

4. Ethical Framework and Data 

Privacy Policies: Educational 

institutions should develop clear 

ethical guidelines governing data 

collection, usage, and storage to 

protect students’ privacy. Data 

anonymization protocols and 

informed consent must be upheld to 

avoid misuse or discrimination. 

5. Collaboration between Educators 

and Data Scientists: Cross-

disciplinary partnerships should be 

encouraged between educators, data 

analysts, and EdTech developers to 

continuously refine predictive 

models, ensuring they remain 

contextually relevant and 

educationally meaningful. 

6. Expansion of Research and 

Innovation: Further studies should 

be conducted using larger datasets 

and advanced machine learning 

models, such as deep learning and 
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neural networks, to enhance 

predictive accuracy. Comparative 

studies across different regions or 

educational levels would also 

broaden the applicability of the 

findings. 

7. Incorporation into Curriculum 

Design: Teacher education 

programmes and universities should 

include AI literacy and data analytics 

courses to prepare future educators 

for data-driven decision-making and 

adaptive instructional strategies. 
Contribution to Knowledge 

This paper contributes significantly to the 

fields of educational data mining, artificial 

intelligence in education, and technology-

enhanced learning by: 

 Providing empirical evidence of the 

effectiveness of machine learning-

based predictive analytics in a 

developing-country educational 

context. 

 Demonstrating how AI tools can be 

ethically integrated to improve early 

intervention systems. 

 Offering a practical framework that 

merges technological intelligence 

with human empathy, applicable in 

diverse educational settings globally. 

The study thus represents a significant step 

forward in realising the potential of digital 

transformation for inclusive education, 

aligning with the UN Sustainable 

Development Goal 4 (Quality Education). 
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