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Strategic use of predictive analytics for student retention in 
blended higher education: implications for education 
management
İrfan Ayhan

Kaman School of Applied Sciences, Kırşehir Ahi Evran University, Kırşehir, Türkiye

ABSTRACT
This research investigates how predictive analytics can support 
student retention in blended higher education. Using the engage
ment and assessment data of 523 students from 3 universities, four 
machine learning models were developed. Of these four models, 
Multilayer Perceptron achieved the highest accuracy (70.0 per cent) 
and after handling class imbalance performed better at identifying 
students that are at risk of failure. Utilising theories of self-regulated 
learning, behavioural engagement, and academic integration, the 
study identifies the indicators that are most frequently associated 
with successful outcomes. Predictions of machine learning models 
were compared to the early predictions of instructors and revealed 
different error patterns, suggesting that models and instructors 
capture different dimensions of student engagement. Most signifi
cant predictors were learning management system activity, pacing, 
assessment behaviours, and attendance. Findings suggest that pre
dictive analytics can support early warning systems as well as 
guiding institutional strategies and strengthening ethically respon
sible retention strategies in blended higher education.
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Introduction

As student attrition rates continue to increase and institutions are held accountable for 
their activities, higher education leaders have a major challenge to promote academic 
success and retention of students in digitally mediated environments. Blended learning 
models are considered an educationally innovative approach; however, they pose addi
tional challenges to provide adequate oversight of student engagement on a large-scale. 
Therefore, there is an increasing urgency to provide educational managers and academic 
leaders with reliable, interpretable, and actionable data-driven tools to facilitate timely 
decision-making and the allocation of resources. Technology continues to be integrated 
into higher education; therefore, blended learning – which combines traditional class
room instruction and online content – will continue to increase. By using this model, 
students have the opportunity to utilise their learning experiences more flexibly, whereas 
educators can monitor and evaluate their students’ learning performance through the use 
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of Learning Management Systems (LMS) (Anthony et al., 2020; Nguyen & Dao, 2024). 
When examining the data collected through LMS, educators can have access to a wide 
range of students’ behavioural indicators, including login frequency, forum participation, 
time on task and assignment and exam results. Each of these indicators has the potential 
to provide educators with the knowledge and understanding of how to improve and 
optimise their students’ learning experiences.

In this context, the field of learning analytics has gained prominence as 
a methodological framework for leveraging educational data to improve teaching and 
learning processes (Guzmán-Valenzuela et al., 2021). Specifically, learning analytics 
involves collecting and analysing data about students to identify patterns that can help 
guide decisions and improve educational outcomes (Siemens, 2013). By using machine 
learning, learning analytics can move beyond just describing data to predicting which 
students might be at risk of falling behind or disengaging (Kok et al., 2024).

In blended learning, being able to predict a student’s likelihood of success is extremely 
important when an instructor has less visibility on a student’s level of engagement due to 
the difficulty of determining the level of engagement through observations compared to 
their actual work. By utilising historical data, machine learning models such as logistic 
regression and decision trees can be trained, and these models can then be used to 
determine the complex relationships among many different types of student behaviours 
and their academic performance (Tiwari & Jain, 2024). Although these models still need 
more testing, they can provide valuable insights to help create systems that identify 
students at risk and offer personalised support (Almalawi et al., 2024).

Predictive analytics provide many useful insights; however, they also bring ethical and 
moral challenges for education, including privacy, fairness, transparency, and consent 
from students (Guan et al., 2023; Mishara, 2024; Slade & Prinsloo, 2013). Given these 
ethical concerns, institutions should provide established guidelines for the appropriate 
application of predictive analytics and establish equitable practices governing access to 
and use of student data (Gandara et al., 2024).

A large number of studies about learning analytics show that LMS-based behavioural 
indicators (quizzes completed, number of posts in forums, time spent completing tasks) 
can predict student performance (Ifenthaler & Yau, 2020; Waheed et al., 2020). However, 
most of these studies focus on the technical aspect of these models and have not provided 
much insight into the ways in which these models might be interpreted for the classroom 
(Guzmán-Valenzuela et al., 2021). Even though Random Forest and XGBoost models are 
successful at predicting student performance (Tiwari & Jain, 2024), few studies have 
compared their predictions with those of instructors when making decisions regarding 
student performance. Research on instructor judgement shows that early predictions are 
moderately accurate but often shaped by limited behavioural cues and biases (Karademir 
Coşkun & Alper, 2024; Shavelson et al., 2008), making it essential to explore how 
machine predictions can complement, rather than replace, educators’ expertise.

While predictive analytics and learning dashboards are a growing area of interest, 
most of the available literature on educational management research is descriptive in 
nature. Existing research tends to be retrospective rather than focusing on predictive 
tools for real time decision making and intervention-based strategies (Ifenthaler & Yau,  
2020; Leitner et al., 2017; Tsai et al., 2019). Current educational management research has 
been limited in considering how to create action-oriented retention strategies, advising, 
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and student success initiatives from a predictive perspective (Macfadyen & Dawson,  
2012; Paolucci et al., 2024; Zawacki-Richter et al., 2019). To address this gap in the 
literature, the present study provides a theoretical basis for developing a predictive 
framework that is empirically validated and has implications for policy, resource alloca
tion, and early-warning systems within higher education.

Such challenges to higher education systems are well documented but are also affected 
by the unique nature of national policy contexts and institutional settings. A national 
higher education system has its own context for examining issues of engagement, risk, 
and retention. As such, the Turkish context provides a rich opportunity to better under
stand how these factors play out in practice. The Turkish higher education system’s 
unique environment is characterised by a strong centralised bureaucratic structure, rapid 
growth in the number of blended learning programmes available, and increased attention 
to using data and evidence as the basis of quality assurance measures for higher 
education.

Student retention patterns in Türkiye vary widely by level of analysis and metric. 
Based on OECD data, approximately 1 per cent of first-time entrants into bachelor’s 
programmes are dropping out after their first year (OECD, 2025). This indicates student 
persistence at a system level rather than disengagement from the course. However, 
national completion and administrative data indicate more widespread and complicated 
long-term retention patterns, including delayed graduation and cumulative attrition 
rates along the degree completion trajectory (YÖKAK, 2025). Importantly, research 
examining technology-mediated and blended learning environments in higher education 
indicates higher course-level withdrawal and failure rates than what existing drop-out 
indicators estimate (Elibol & Bozkurt, 2025; İlkdoğan Serbes & Balyer, 2025; Usta Ergün,  
2025). Consistent with these findings, the percentage of students identified as academi
cally at risk in this study’s blended-learning sample (~30 per cent) was much higher than 
national estimates of first-year dropouts. This difference reinforces the importance of 
analysing student risk and persistence at the course and engagement level, particularly in 
blended learning environments where formal enrolment may mask patterns of early 
student disengagement.

There are several theories that have looked at student retention, each viewing student 
persistence and withdrawal as resulting from several different mechanisms that support 
and operate together rather than in isolation. According to Tinto’s Theory of Student 
Departure (Tinto, 1993), students who are both academically and socially integrated into 
their institution are more likely to persist than those who are not. Tinto defines academic 
integration in terms of the extent to which a student is engaged with learning activities 
and performs well academically, while social integration is defined in terms of how much 
a student interacts with their peers and instructors. If either area becomes disengaged, the 
likelihood of attrition will increase. Self-Regulated learning theory (Zimmerman, 2002) 
views student persistence as a process of planning, monitoring, and regulating cognitive 
and behavioural strategies. There are many ways in which this process can be observed in 
the context of blended learning. For example, students who are actively participating in 
blended learning are often more likely to engage with their learning materials on 
a regular basis, turn in assessments in a timely manner, and interact with their classmates 
and instructors regularly. Constructivist learning theory (Jonassen, 1994; Vygotsky,  
1978) expands upon the concept of persistence as a socially constructed process whereby 
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knowledge is constructed within the context of a community of learners through inter
action and dialogue, therefore collaborating and engaging in conversations about the 
material being studied are key methods to support persistence in the context of technol
ogy-enhanced learning. Behavioural engagement theory (Fredricks et al., 2004) expands 
on the previous three constructs and focuses specifically on the observable behaviours of 
students (i.e., participation, effort, and task completion). The behavioural engagement 
theory gives a heuristic framework to the study of student engagement; by using data 
from student behaviour (trace data), researchers can see what level of student engage
ment is sustained or has become disengaged over time.

Building on these complementary perspectives, engagement indicators in this study 
were operationalised using LMS trace data that reflect theoretically meaningful academic, 
behavioural, self-regulatory, and social processes. The measures of academic and beha
vioural integration of students are encapsulated by the level of integration among 
academic and behavioural elements of participation. Academic integration measures 
include attendance, the number of quizzes taken, and the frequency of accessing course 
materials (Tinto, 1993), while behavioural integration is represented by observable 
student effort and participation in terms of time spent on course activities as indicated 
by students’ individual logins, pacing, completion of assignments on time, persistence 
and other self-regulated learning behaviours (Fredricks et al., 2004; Zimmerman, 2002). 
These measures together comprise a multi-faceted representation of academic and 
behavioural integration in a blended learning context (e.g., Jonassen, 1994; Vygotsky,  
1978). This research examines all student engagement behaviours as a collection of 
indicators from multiple theoretical frameworks, rather than assigning indicators to 
singular theoretical categories. The map created from this theoretical analysis is pre
sented in Appendix A (online supplementary materials).

In addition to behavioural engagement, recent research also demonstrates the impor
tance of motivational and emotional dimensions in blended learning. Intrinsic motiva
tion and emotional engagement have been positively correlated with higher levels of 
performance (Liu et al., 2024). Autonomy has been determined to be a predictor of 
emotional engagement (Li & Zeng, 2025). While motivation and emotion have long been 
viewed as significant to understanding engagement in a blended form of learning, the 
present research seeks to examine the behavioural and interactional aspects of engage
ment in blended learning, as they can more easily be obtained from data collected by 
the LMS.

Using these theoretical perspectives allows the study to fill gaps in previous studies of 
learning analytics by creating interpretable predictive models, comparing the results of 
predictive modelling with teacher assessments, and evaluating how these findings can 
benefit classroom practice while ensuring ethical responsibilities. Guided by this 
approach, the study explores the following research questions:

● RQ1: What factors influence student engagement and are actionable to support 
students’ persistence in blended learning environments?

● RQ2: How do the predictions made by machine learning systems compare with the 
assessments provided by instructors from a management perspective?

● RQ3: What ethical and operational considerations must be taken into account when 
implementing predictive analytics within educational management systems?
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● RQ4: How can predictive analytics be used to develop scalable interventions to 
support students throughout their learning experiences?

Methodology

Context of the study and blended learning implementation

The present research collected data from three institutions of higher education in 
Türkiye; a large public university and two medium sized foundation universities granting 
bachelor’s degrees in Computer Science, Business and Education through the use of 
blended learning methods. All three of these institutions use a variety of learning 
management systems including Moodle or Blackboard and blended learning was chosen 
in this case as it generates an ongoing supply of structured LMS trace data based on how 
students interact within that environment.

In combination with weekly classroom meetings for instruction, students also access 
asynchronous content, complete quizzes and post to discussion forums. In addition, 
instructors may schedule synchronous online meetings periodically. Through an LMS, all 
student interaction with these blended learning components is captured and this was the 
primary source of data for analyses in this research. Therefore, the multi-institutional 
blended learning model of higher education provides insight to the ‘operationalisation’ 
and to the challenges faced by educational leaders. Since the data generated through the 
LMS will continuously provide insight into student activity and engagement, higher 
education managers must assess these engagement data in aggregate to help shape 
retention policies and resource allocation decisions.

Study design and data collection

This research utilised a quantitative research method to predict the academic achieve
ments of students enrolled in a blended learning environment through the use of learning 
analytics and machine learning. The main goal of this research was to discover ways in 
which predictive modelling could shed light on teaching behaviours and create early 
intervention tools for ensuring success among students. The sample consisted of 523 
students from three areas of study – Computer Science (n = 198), Business (n = 171) and 
Education (n = 154) – whose data was extracted from the institutions’ learning manage
ment systems. Key indicators of engagement factors such as frequency of logins, total 
time spent using the LMS, number of quizzes completed, number of forums posted to, 
and number of assignments submitted were recorded; demographic and programme 
variables (age, gender, area of study, and year level) were also included for analysis of 
differences across the three groups on predictive performance (as shown in Table 5). Two 
types of predictive models were developed-one model that was based solely on the LMS 
behaviour and one model that included a combination of behaviour as well as demo
graphic variables. Demographic information was only included in the analyses and not 
used in making decisions through automation.

Participation was voluntary, and only anonymised data from students who provided 
written informed consent was included in this research. Due to privacy regulations, the 
number of students who did not give consent to use their data was not revealed; however, 
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instructors reported that there were no significant differences in the performance of 
consenting and not consenting students. Categorical variables were coded, and contin
uous variables were standardised for consistency. For the purpose of evaluating model 
performance across the three groups of students, subgroup analyses by discipline 
and year level were conducted to identify areas that warranted additional scrutiny.

The data collected included both engagement and course performance data over the 
course of a semester. The selection of predictive features was based on theory; measures 
of engagement were selected based on theoretical constructs as summarised in Table A1 
in Appendix A. All data were anonymised to ensure the protection of student privacy; 
informed consent was obtained from all students prior to the inclusion of their data. The 
ethical handling of sensitive student data allows for valuable insights into student 
engagement and student academic performance. Additionally, the evaluation of LMS 
data provides insights for institutional leaders about the capacity to use routinely 
collected data to identify students at risk of academic failure and enable them to monitor 
and assess the effectiveness of their retention efforts without adding to the burden of 
reporting.

Data preprocessing

The data were cleaned before being analysed, and missing values were imputed based on 
the average value. Participation levels (a categorical classification) were converted to their 
numerical equivalent so they would work with machine learning models, and all data 
were standardised to ensure consistency. To counteract the class imbalance in the data 
(70.0 per cent passing, 30.0 per cent failing) the Synthetic Minority Over-sampling 
Technique (SMOTE) was used to generate synthetic (artificial) observations for the 
under-represented group (students who were failing). Using this method enables the 
model to predict which students are likely to be at risk without having an inherent bias 
towards the majority class. While the use of SMOTE increases the accuracy of the model, 
it is possible that some noise may be introduced because the synthetic observations do 
not necessarily represent actual student behaviour. This trade-off is acceptable in order to 
facilitate early intervention with at-risk students (Althaqafi et al., 2025; Law et al., 2024). 
Education managers also need to address the issue of the class imbalance in order to 
ensure that their retention systems identify those students who may need additional 
support; even if this causes a minor decrease in overall accuracy, retaining these students 
will prevent the inadvertent neglect of at-risk populations.

Model development and evaluation

This study employed four different machine learning methods to predict how well 
students would perform: Logistic Regression, Random Forest, XGBoost, and Multilayer 
Perceptron (MLP). The reason for selecting these methods was because they all offer 
different types of classification capabilities, providing a very thorough way to evaluate the 
ability of each of these algorithms to predict student outcomes based on the information 
available at the time of prediction. Logistic Regression is often considered to be a simple 
model that is easy to interpret, while Random Forest and XGBoost are both examples of 
ensemble models. Ensemble models tend to be more robust and allow for better 
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treatment of non-linear relationships within the data. Being a deep learning model, MLP 
is very powerful at capturing complex relationships and patterns in data. These four types 
of models have an extensive range of complexity; consequently, using all four provides 
a variety of viewpoints with respect to the effectiveness of each type of model for 
educational data. The effectiveness of using these machine learning models to assist 
educators with student success is supported with research conducted by authors such as 
Berens et al. (2025), who highlighted the widespread use of Random Forest and other 
models for performance prediction and dropout detection; Carballo-Mendivil et al. 
(2025), who noted that ensemble methods like XGBoost provide improved predictive 
power for educational interventions; and Rebelo Marcolino et al. (2025), who includes 
a cluster-based approach to analyse dropout patterns using LMS data.

The study investigated the effectiveness of models that predict if a student will pass or 
fail a specific course with the risk of failing indicating potential academic risk. To 
evaluate how well the models performed, the researcher split the data, using 
80 per cent for training and 20 per cent for testing. Several metrics, including accuracy, 
precision, recall, and F1-score, were utilised to assess the predictive power of the models. 
Accuracy is defined as the percentage of correct predictions made by a model and is used 
as an overall indication of the model’s predictive power (Sokolova & Lapalme, 2009). In 
an educational setting, however, solely relying on accuracy for predictive evaluations 
could be misleading, given that the majority of at-risk students represent a very small 
segment of the student population.

Recall measures how well the models identify at-risk students who really could fail. 
From an administrative perspective, recall is very important; without an adequate recall 
rate, the students needing assistance will go undetected and therefore, miss out on timely 
assistance. Precision measures what percentage of students identified by the models as 
being at risk are actually at-risk. It indicates how support is efficiently allocated to 
students who are truly at risk of failing and could help determine the potential cost 
associated with unnecessary interventions. The F1 score (Powers, 2011) is a calculated 
value of precision and recall; the F1 score represents a balanced evaluation of model 
performance in real life, where missed students or unnecessary interventions have 
practical implications for how managers make decisions related to institutional 
resources. If education managers choose to value recall over accuracy, the models will 
assist them in fulfilling their organisational goals related to student retention since 
missed at-risk students represent a lost opportunity to provide support in a timely 
manner and optimise the use of support resources.

Cross-validation was applied by the researcher to verify that the final model had a high 
degree of accuracy and was able to provide the same results across different data sets. The 
purpose of cross-validation was to reduce the likelihood of the final model being trained 
on a single sample, thereby increasing its potential to successfully make predictions about 
new data sources – something especially critical when developing predictive models 
specific to education (Guevara-Reyes et al., 2025). Though cross-validation can greatly 
enhance the reliability of a model, it can also consume a considerable amount of time and 
processing power, particularly for very large and complicated data sets.

In addition, the model’s predictions were compared to those of instructors after four 
weeks based on their own observations, which allows for the evaluation of how effectively 
machine predictions can supplement instructor’s assessments. Through the use of 
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statistical testing, the researcher assessed the extent of the similarity between the instruc
tors’ and the machine’s predictions. To make the models easier to interpret and more 
usable by instructors, the researcher utilised two explainable artificial intelligence tools 
(SHAP and LIME) to assist in determining which factors (e.g., quiz scores and student 
engagement) have the greatest impact on predicting which students would be considered 
‘at risk’ by the model and to assist instructors in understanding the rationale behind the 
models’ decisions. While SHAP was able to provide insights into general trends and 
patterns among students, LIME focused on specific predictions for each student. The 
results of this comparison are particularly valuable to educational administration, as they 
illustrate that predictive analytics can be implemented as a decision-support layer that 
helps inform professional judgement rather than replacing traditional advising and 
instructional practices.

Ethical considerations regarding data privacy were adhered to in this study through the 
anonymisation of all student data as well as the secure storage of that information. The study 
complied with the institutional review board policies, as well as The General Data Protection 
Regulation. Appendix B of the online supplementary materials contains the Python code that 
was used to conduct the data analysis, including the processes of pre-processing, training and 
evaluating the models. This code was run in a Google Colab environment. The selection of 
the models is designed to create an appropriate balance between being interpretable, pre
dictive and usable as an operational tool (for providing managerial oversight as opposed to 
automating) in order to allow for informed decision-making by managers.

Findings

Of the 523 students that were studied, 369 (70.6 per cent) passed their classes while 154 
students (29.4 per cent) were identified as being at risk of failure. Academic risk in this study 
is defined by identifying students who are at increased risk of non-completion or delayed 
progression based on their level of engagement and assessment performance in their courses; 
this does not consider whether or not students withdrew from an institution. The rates of 
failure observed herein are similar to those reported in the literature for blended and 
technology-enhanced learning environments, with at-risk students having significantly 
higher rates of failure than the national average of 1st-year college students who drop out 
(Deschacht & Goeman, 2015; Millimouno et al., 2022; Rahmani et al., 2024). The imbalance 
in the observed class sizes (approximately 70.0 per cent students passing and 30.0 per cent 
failing) impacted the modelling that followed and led to the use of resampling methods to 
better identify students who were at risk. The main predictors included: frequency of logins; 
total time spent in the LMS; quiz scores; forum posts; and attendance at class (both online and 
in person). Table 1 lists the descriptive statistics of each of these predictors:

Table 1. Descriptive statistics for student dataset.
Variable Mean Std. Dev. Min Max

Logins 24.8 14.5 0 49
Total Time Spent (min) 255.4 144.7 10 499
Quiz Scores (%) 70.6 17.2 40 99
Forum Posts 9.6 5.9 0 19
Attendance (%) 74.8 13.4 50 99
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Four machine learning models were trained and evaluated: Logistic Regression, Random 
Forest, XGBoost, and Multilayer Perceptron (MLP). These models were evaluated based on 
their accuracy in predicting student success (pass/fail). The results, summarised in Table 2 
below, show that the MLP model performed the best, with an accuracy of 70.0 per cent. 
Therefore, it was selected for further analysis due to its superior performance.

When the model was tested on an independent dataset its overall accuracy decreased 
(compared with previous tests), yet cross-validation revealed that the model’s accuracy 
was consistent across all tests at a level of 70.0 per cent. The ability of the model to 
accurately identify students at risk of failing was an essential factor when considering 
prevention methods for those students, as early intervention is critical to a student’s 
success. The MLP model demonstrated high accuracy with successful students but 
provided less precision with unsuccessful students; this is typically due to the problem 
of unbalanced data. By using SMOTE to artificially create additional data for the failing 
students, the data became balanced resulting in improved accuracy of the model to 
identify students at risk of failing. After implementing the SMOTE technique, improve
ments were achieved for recall as well, which increased to 0.68 for the students who were 
unsuccessful in completing the course, indicating a much higher accuracy in identifying 
students in need of assistance. See Table 3 for summary of findings:

Also, machine-generated predictions were compared to those made by instructors, who 
predicted student outcomes after four weeks based on early engagement data from the LMS. 
The comparison showed that while the MLP model had slightly higher accuracy (70.0 per cent 
vs. 69.4 per cent for instructors), instructors had a higher Fl-score. This means that while the 
MLP model was slightly more accurate in predicting overall student success, the instructors 
were better at correctly identifying both successful and failing students. Table 4 below 
summarises the accuracy, Fl score, and match rate with actual student outcomes:

Table 2. Model accuracy (cross- 
validation).

Model Accuracy (%)

Logistic Regression 68.0
Random Forest 69.0
XGBoost 68.5
MLP 70.0

Table 3. Classification report of the MLP model (Post-SMOTE).
Class Precision Recall F1-Score Support

Fail (0) 0.60 0.68 0.64 34
Pass (1) 0.75 0.72 0.73 66
Overall – – 0.67 100

Table 4. Instructor vs model prediction performance.
Metric Instructor Prediction MLP Model

Accuracy 0.69 0.70
F1-Score 0.70 0.67
Match Rate with True Labels 0.61 0.62
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By demonstrating the potential of the MLP model, these findings suggest that MLP 
modelling is capable of providing insights beyond those offered by an instructor’s limited 
assessment of overall student performance. While instructors may have a better sense of 
the students’ general performance level, the MLP can excel in identifying which students 
may be at risk of failure (highly important for early intervention strategies) and thus 
provide an additional means of supporting the instructor in a timely manner. The recall 
value of 0.68 for at-risk students demonstrates that the MLP could offer sufficient 
reliability to serve as an early warning system for educators to determine which students 
require the most attention in terms of academic support. To gain more insight into how 
the MLP identifies at-risk students, SHAP and LIME were used. The four most important 
features influencing the MLP’s predictions were total time spent on the LMS, quiz scores, 
logins, and attendance.

The SHAP and LIME analyses provided further clarification regarding these features’ 
relationship to dropout risk. Students who spent limited time on the platform or logged 
very few times into the LMS were very likely to fail. Students who exhibited moderate to 
well-paced levels of LMS engagement were most frequently associated with positive 
outcomes. Students who performed well in quizzes (typically achieving a mean of more 
than 85 per cent) were consistently associated with a high probability of passing, while 
students with poor quiz performance were more likely to fail. It is important to note that 
success is not linear and both SHAP and LIME provided similar conclusions regarding 
the predictive power of time-on-task when measuring student success; that is, both 
indicated that spending too much or very little time in the LMS is inversely related to 
success. Attendance had a positive relationship to student success, however, attendance 
as a predictor of success can be viewed as a secondary predictor when compared with 
ongoing LMS behaviours and performance in quizzes. The overall takeaway from these 
findings is that quality engagement is more important (as an indicator) than how much 
activity is conducted in the LMS in predicting dropout risk among blended learners. 
Table A2 in Appendix A gives a list of the feature importance rankings from the SHAP 
analysis and Table A3 shows a detailed explanation of LIME results of individual 
students.

The results indicate that the model is largely consistent across all student cohorts, but 
the level of consistency varies depending on which student group is evaluated. Overall, 
Computer Science students and students in their later years of study obtained the most 
consistent model predictions; this is likely because they generally demonstrated more 
consistent student engagement behaviours in the LMS than those in other programmes, 
such as Education, where learners displayed much greater variability. As the MLP model 
was able to more accurately identify the majority of at-risk students in all groups when 
demographic and programme variables were included, the difference between groups 
decreased. Compared to the MLP model with only student behaviour, the complete MLP 
model (including demographic control variables) demonstrated consistent but small 
increases in predictions of at-risk students in accuracy, F1, and recall. Table A4 in 
Appendix A summarises the results for behaviour-only and the complete model. There 
were no subgroups who were consistently false-positive/false-negative classified and the 
overall accuracy remained relatively close to the first model. The results are presented 
below (Table 5):
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These findings highlight how useful predictive models can be in higher education with 
regard to helping institutions prioritise intervention and retention strategies. The use of 
machine learning models on institutional dashboards gives educational leaders access to 
real-time data that allow them to identify students who are at-risk and provide targeted 
support. Explainable AI tools provide transparency, which allows for instructors and 
decision makers to utilise predictive models to identify students who may need additional 
assistance by accompanying the predictive model data with existing instructor assess
ments. Additionally, the predictive data utilised in this study enhances institutions’ 
ability to allocate support resources and ensures that services are more effectively 
delivered to students who require assistance.

Discussion

Implications for retention policy

The findings demonstrate that patterns of continuous engagement and assessment 
behaviours in learning management systems are the best predictors of academic risk as 
compared to static measures, such as attendance. Therefore, education leaders need to 
keep in mind the importance of tracking engagement in real-time rather than relying on 
retrospective measures such as attendance. Institutions that place a greater emphasis on 
consistent engagement and pacing, as opposed to simply volume, will identify at-risk 
students sooner and allocate resources more efficiently, leading to timely and appro
priately targeted interventions (Fan et al., 2024). Importantly, the relationship between 
LMS engagement and success is non-linear, both very low and high levels of LMS 
engagement are associated with lower academic success.

There are several theoretical perspectives to explain this pattern. Self-regulated learn
ing theory argues that excessively high levels of LMS activity demonstrate maladaptive 
self-regulation where students do not monitor their own progress or are unable to set 
appropriate goals (Zimmerman, 2002). Cognitive Load Theory suggests that prolonged 
participation in a learning management system can create cognitive overload that 

Table 5. Subgroup performance metrics (MLP model after SMOTE adjustment).
Subgroup N Accuracy Precision Recall (Failing Students) F1-score

Gender
Male 264 0.71 0.67 0.69 0.68
Female 259 0.69 0.65 0.66 0.66
Field of Study
Computer Science 198 0.73 0.69 0.70 0.69
Business 171 0.69 0.65 0.67 0.66
Education 154 0.67 0.63 0.65 0.64
Year of Study
1st year 181 0.66 0.62 0.71 0.66
2nd year 170 0.69 0.65 0.67 0.66
3rd year 110 0.72 0.68 0.66 0.67
4th year 62 0.74 0.70 0.64 0.67
Age Groups
≤20 242 0.67 0.63 0.69 0.66
21–24 264 0.71 0.67 0.67 0.67
≥25 17 0.69 0.66 0.64 0.65
Overall 523 0.70 0.66 0.68 0.67
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precludes an increase in academic success (Sweller et al., 2011), while behavioural 
engagement theory indicates that having a higher quantity of participation does not 
necessarily indicate higher quality (Fredricks et al., 2004). These insights are consistent 
with the multiple dimensions of engagement in blended learning that include cognitive, 
motivational/emotional, and behavioural components (De Bruijn-Smolders & Prinsen,  
2024; Liu et al., 2024). Therefore, institutions have to build predictive tools that measure 
not only the engagement but also the quality of engagement to allow for informed 
decision-making on the implementation of retention strategies (Goh, 2025). These 
findings contribute to the development of early-warning systems, which can assist 
institutions to implement early and timely interventions (Macfadyen & Dawson, 2012).

Model utility for educational leaders

From an educational administration standpoint, the predictive model’s value is not only 
derived from increasing the accuracy of predictions, but also providing educational 
administrators with insights into large scale student engagement behaviour. Instead of 
using traditional measures such as attendance, the model uses more dynamic student 
engagement signals. The use of a dynamic student engagement signal aligns with Tinto’s 
theory (1993), which posits that long-term commitment to learning is necessary for 
student persistence. The model’s ability to address issues of class imbalance enables it to 
have a greater sensitivity to at-risk students and allows administrators to provide timely 
interventions based on the prioritisation of student support over accuracy alone. The 
need for an information-based approach to provide early interventions based on for
mulative assessments is supported by a growing body of research linking successful 
interventions for high-risk learners with the timing of those interventions (Chang 
et al., 2025; Santos & Henriques, 2023; Susnjak et al., 2022). For educational managers, 
this means using the model to allocate resources in a manner that ensures early identi
fication and immediate support for at-risk learners throughout their academic journey.

Additionally, in the light of comparative results of predicting student outcomes 
through machine learning and instructors’ assessments of students, this model demon
strates the role of predictive models to support human intuition. While instructors can 
frequently and accurately assess students overall, predictive analytics are capable of 
identifying specific risk factors, therefore can assist educational managers with prioritis
ing student interventions. This establishes predictive models as decision-support tools, 
rather than as substitutes for instructors’ judgement (Ninaus & Sailer, 2022). The model 
demonstrates a recall of 0.68 for at-risk students, thereby emphasising its ability to 
identify students requiring support and allowing proactive measures to be taken.

The predictive performance of the model’s behaviour data is approximately 
70.0 per cent, which aligns with other studies that have used similar machine learning 
approaches to produce early warning systems in the higher education context. Similar 
machine learning research demonstrates that LMS-based behavioural indicators, such as 
time spent on tasks, engagement with quizzes, and other learning activity patterns, serve 
as effective predictors of student success (Carballo-Mendivil et al., 2025; Villar & de 
Andrade, 2024). The model also exhibited cross-validation stability, providing further 
evidence that engagement mechanisms such as academic integration (Tinto, 1993) and 
self-regulation (Zimmerman, 2002) accurately predict student success across cohorts. As 
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such, the model provides education leaders an opportunity to improve retention across 
diverse student populations and within a variety of institutional contexts.

Ethical oversight and contextual interpretation

In terms of ethical oversight and contextual use, there are many ethical considerations in 
using predictive analytics in higher education, including potential bias, performance 
transparency, and appropriate use of data. Because predictive models rely on historical 
data to train their algorithms, using those outputs without accounting for historical bias 
could implement new barriers and reinforce existing inequities for one or many groups 
of students who may be disadvantaged as a result (Gandara et al., 2024). One way to 
promote responsible use of predictive analytics is to utilise explainable AI tools, such as 
SHAP and LIME, to promote transparency by demonstrating how data collected through 
engagement-related activities leads to classifications of risk. Using explainable AI can 
help build trust between stakeholders and encourage responsible use (Holstein et al.,  
2019). Ethical guidelines related to predictive analytics recommend that predictive out
puts should be used to support intervention rather than punitive action, and demo
graphic data should be used to inform the interpretation and fairness audits of these 
results, but not used in an automated manner to make student-related decisions 
(Khosravi et al., 2022; Slade & Prinsloo, 2013).

Subgroup analyses indicated differing predictive performance across disciplines 
and year levels, with first-year students being much less predictable than more experi
enced students due to their variable engagement patterns. For students who are early in 
their programme, they may have yet to establish consistent strategies for planning and 
monitoring their learning, making the predictions less reliable (Zimmerman, 2002). 
Moreover, different uses of the LMS – such as task-based activities in Computer 
Science versus discussion-based engagement in Education – show the importance of 
being sensitive to context for interpreting behavioural data (Opazo et al., 2021; 
Whitelock-Wainwright et al., 2020). This provides support for the rationale of tailoring 
intervention strategies to the context of a given programme and stage of student; thus, 
risk alerts should be regarded as contextual indicators rather than universal thresholds 
for decision-making.

Translating predictive insights into actionable interventions

Implementing effective interventions requires addressing the mechanisms behind disen
gagement and not merely addressing the risk flags indicated by predictive systems. Self- 
Regulated Learning (Zimmerman, 2002) and constructivist theories (Pratama et al.,  
2025) highlight the significance of providing support for students’ planning and mon
itoring behaviours that promote engagement. Therefore, if aligned with these theories, 
predictive analytics would assure that early warning systems facilitate the delivery of 
targeted and pedagogically grounded interventions such as academic advising, tutoring, 
and community-building (Hawthorne et al., 2021). For educational leaders, this means 
using predictions within institutional systems to provide timely support to improve 
student engagement and retention.
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Effective use of predictive models also depends on the degree to which they can be 
trusted, are interpretable, and have the potential to be replicated across situations. 
Predictive models can be integrated into LMS dashboards and can provide teachers 
and staff with automated alerts, recommendations, and visual explanations via SHAP 
and LIME to support them while delivering the course (Holstein et al., 2019). For these 
tools to achieve successful use, it is essential that they are pedagogically relevant, under
standable, and aligned with the organisation’s current workflows (Khosravi et al., 2022). 
Standard LMS indicators, such as logins and forum contributions, that are used in 
predictive models will make the models transferrable across diverse institutions and 
blended learning environments provided that local pedagogical practices and technolo
gical environments are accounted for in their use. Therefore, predictive analytics can 
serve as a scalable and context sensitive tool for making decisions related to retention 
strategies and supporting leadership decisions in higher education.

Limitations

The generalisability of these findings may be limited as the focus of the study is a specific 
cohort of students enrolled in blended learning programmes who spend relatively less 
time on campus. Furthermore, as engagement was operationalised mainly through LMS 
trace data and predictions were generated from this source, the predictive models 
represented student behaviour primarily in a digital environment and did not account 
for academic or social engagement that occurs through face-to-face interactions outside 
of the LMS. Therefore, casual, informal interactions among peers, face-to-face advising, 
and participation in extracurricular activities, which have been shown to have an impact 
on a student’s persistence, were not directly observed. Additionally, institutional context 
and the centralised nature of higher education may affect engagement and persistence in 
a manner that may differ from other national systems. Finally, due to the focus of this 
study on academic risk at the course level rather than withdrawal from an institution over 
time, the results should be interpreted with caution.

Conclusion

The aim of this study was to better understand how predictive modelling could identify 
behaviour patterns related to student achievement in a blended learning context and 
provide guidance for developing retention techniques in the future. The study included 
a number of machine learning models, such as Random Forests, Logistic Regression, 
XGBoost and MLP that used engagement data taken from a learning management 
system. The results gave important information on the efficacy and restrictions of these 
various models.

In terms of educational management, this study has created a scalable and 
theory-based decision-making framework for institutions. By using data related to 
LMS usage, class attendance and quiz scores, which have been validated through 
both global and local model interpretability, predictive models like these can be 
integrated into support systems by providing students with early warnings about 
their academic performance, providing academic advisors with the necessary infor
mation on how to help students succeed, and giving faculty members access to data 
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to help adjust their instructional methods accordingly. Educational leaders will be 
able to strategically allocate institutional resources, help to identify and mitigate 
student risk on a larger scale, and maintain performance and retention standards 
through the use of such predictive models. However, ethical issues will also need to 
be considered to ensure that predictive models are adopted by institutions. Future 
efforts to implement predictive models must address issues related to governance, 
transparency, fairness, and ethical considerations so that predictive systems 
enhance – and do not replace – the professional judgement of educators. The 
alignment of predictive attributes with educational theories increases the likelihood 
that administrative personnel will find predictive models to be both actionable and 
grounded in theory.

Although there is substantial potential through the use of machine learning to increase 
student retention and enhance the responsiveness of institutions, successful deployment 
will require using both substantial analytic capabilities and the contextual and relational 
knowledge possessed by educators. This study creates a framework for the use of both 
analytic and contextual knowledge and supports the movement towards proactive, data- 
driven leadership in higher education. This study adds to the existing literature support
ing the use of learning analytics-based interventions in blended educational environ
ments and it is particularly relevant for the strategic management of education. It 
emphasises the importance of:

● Continued research on sampling techniques and modelling strategies to provide 
a better response to class imbalance thus improving the reliability of institutional 
decision-makers’ risk identification efforts.

● Continued investigation into explainable AI tools to increase the transparency of 
predictive programmes and create confidence amongst stakeholders in the predic
tive systems that are used to advise and retain students.

● Interdisciplinary teaming among academic staff, data scientists and institutional 
leaders to create predictive frameworks that are both proven technically and 
provide educationally sound and contextually appropriate predictive analytical 
frameworks.

● Application of advanced regularisation techniques such as dropout and L2 regular
isation penalties (methods to improve a model’s ability to generalise by limiting the 
influence of less important data and reducing the risk of overfitting to specific 
patterns) to improve generalisability and ensure consistency across different institu
tional contexts.

From an educational leadership perspective, effective implementation of predictive 
analytics requires the combination of robust data-based diagnostics with the contex
tualised intelligence of educational leaders, advisors, and student affairs professionals. 
This hybrid strategy is particularly appropriate for developing and implementing 
proactive retention strategies, identifying student needs on a broad scale and aligning 
interventions with institutional goals for equity and academic success. The proposed 
conceptual framework presented in Figure 1 below provides a comprehensive model 
of the processes required to successfully predict student success in blended model 
learning environments.
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