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Abstract
Keywords University student dropout remains a significant challenge for higher-education
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Student  Dropout  Prediction;  socioeconomically vulnerable students is limited. This study developed a fairness-
Machine  Learning; Algorithmic  gyare explainable artificial intelligence (Al) framework for early prediction of
Fairness;  Learning  Analytics;  ynjversity student dropout risk in Pakistan. A quantitative retrospective predictive
Higher Education design was employed using student academic, attendance, behavioral, engagement,

socioeconomic, and institutional data. Logistic Regression, Random Forest, and

XGBoost models were developed and comparatively evaluated using accuracy,

Article History precision, recall, F1-score, ROCAUC, and PR-AUC. Explainable Al techniques,
Received: 13 July 2026 particularly SHAP, were applied to identify the principal factors contributing to
Accepted: 21 August 2026 individual predictions, while fairness metrics were used to examine disparities
Published: 31 August 2026 across student groups. The results indicated that XGBoost achieved the strongest

predictive performance (accuracy = 87%, ROCAUC = .92), with GPA, failed

courses, attendance, LMS engagement, and financial difficulty emerging as major

Copyright @Author predictors. Fairness analysis indicated disparities in prediction outcomes across
. *

Corresponding Author: student groups; howewver, fairness mitigation substantially reduced these disparities

Muhammad Irfan with only a modest reduction in predictive performance. The findings demonstrate

that integrating predictive accuracy, explainability, and fairness can provide a
more transparent and equitable approach to student dropoutrisk identification.
The proposed framework offers a basis for responsible Al-supported earlywarning
systems and targeted student-support interventions in Pakistani higher education.

INTRODUCTION

University dropout is a major challenge for higher-education institutions because delayed identification of
atrisk students can limit timely academic and financial interventions. Machine learning (ML) provides an
opportunity to identify complex patterns in academic, behavioral, socioeconomic, and engagement data and
predict dropout risk at an early stage (Alyahyan & Diistegor, 2020; Hellas et al., 2018).

However, predictive accuracy alone is insufficient for educational decision-making. Complex Al models may
produce predictions without explaining why a student was classified as high risk. Explainable Artificial
Intelligence (XAI) addresses this limitation by identifying the factors underlying model predictions and
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improving transparency and decision usefulness (Arrieta et al., 2020; Lundberg & Lee, 2017). In addition,
algorithmic bias may cause models to produce systematically different outcomes for particular student
groups. Fairness-aware ML therefore seeks to identify and mitigate such disparities while maintaining
acceptable predictive performance (Mehrabi et al., 2021; Suresh & Guttag, 2021).

InPakistan, students face diverse academic, socioeconomic, and institutional circumstances that may
influence persistence and dropout. Nevertheless, limited research has integrated prediction, explainability,
and fairness within a single Al-based dropout framework. Models developed in other countries may also
have limited contextual applicability because educational systems and student characteristics differ
substantially.

Therefore, this study develops a fairness-aware explainable Al framework for early prediction of university
student dropout risk in Pakistan, focusing simultaneously on predictive performance, model
interpretability, and equitable predictions.

Problem Statement

Despite the potential of Al to identify students at risk of dropout, existing approaches predominantly
emphasize predictive accuracy while giving comparatively limited attention to model explainability and
algorithmic fairness. Black-box predictions may be difficult for university administrators to interpret, while
biased training data may produce unequal predictions across student groups. In Pakistan, empirical
evidence combining these three dimensions remains limited. This creates a critical research gap in
developing an Al system that is not only accurate but also transparent, equitable, and contextually
appropriate for Pakistani universities.

Research Questions

1. Which factors significantly predict university student dropout risk in Pakistan?

2. Which ML model provides the highest predictive performance’

3. Which factors explain individual dropoutrisk predictions?

4. Do predictions differ systematically across student groups?

5. Can fairness-mitigation techniques reduce disparities without substantially reducing predictive
performance!

Research Objectives

To identify significant predictors of university student dropout risk.

To develop and compare ML models for early dropout prediction.

To explain model predictions using XAl techniques.

To evaluate predictive fairness across relevant student groups.

To assess fairness-mitigation techniques while maintaining predictive performance.

G B W N =

Significance of the Study

The study contributes theoretically by integrating ML, XA, and fairness-aware Al into studentretention
research. Practically, it can help universities identify at-risk students earlier and understand the factors
contributing to their risk. Managerially, the framework can support evidence-based allocation of student-
support resources. At the policy level, it can contribute to responsible Al guidelines for higher education in
Pakistan, emphasizing accuracy, transparency, and equity.
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Literature Review

Student dropout in higher education is a multidimensional phenomenon influenced by academic
performance, prior educational preparation, engagement, institutional experiences, socioeconomic
circumstances, and students’ interaction with the university environment. Recent literature increasingly
recognizes that dropout prediction should incorporate multiple sources of student information rather than
relying exclusively on academic grades. A 2024 systematic review of online higher-education dropout
identified academic, behavioral, demographic, and contextual factors as important components of dropout
research.

The growing availability of educational data has encouraged the application of machine learning (ML) for
early dropout prediction. ML models can identify nonlinear relationships and interactions among large
numbers of variables and can therefore support earlier identification of students at risk. Recent empirical
evidence from Finnish higher education demonstrated that accumulated credits, failed courses, and
learning-management-system activity were important predictors of dropout, while the predictive importance
of variables changed over the course of students' studies. A recent systematic review similarly reported the
continued prominence of Random Forest, Logistic Regression, Decision Trees, and ensemble methods in
dropout prediction, while highlighting concerns regarding generalizability and practical deployment.
However, predictive accuracy alone is insufficient when Al is used to support educational decisions. Many
high-performing ML models are difficult for university administrators and academic advisors to interpret.
Explainable Artificial Intelligence (XAI) addresses this limitation by identifying the variables contributing to
predictions and making model outputs more understandable. Recent research has demonstrated the
application of SHAP and LIME to explain student-dropout predictions, allowing institutions to move from
simply identifying high-risk students toward understanding the factors underlying individual risk.

Recent evidence further suggests that explainability can improve the practical value of predictive analytics.
For example, a 2026 study integrated Random Forest and XGBoost with SHAP-based explanations to
generate individualized dropoutrisk interpretations and intervention recommendations. Importantly, the
study also demonstrated that predictive performance and explanation patterns can differ across
demographic groups, emphasizing the need to evaluate equity alongside accuracy. (Springer) Similarly,
research on explainable learning analytics has shown that SHAP can help evaluate the stability of student-
success predictions and identify how the importance of learning indicators changes across different learning
contexts. (ScienceDirect)

A further and increasingly important issue is algorithmic fairness. Educational datasets may contain
historical inequalities, unequal representation, or variables that indirectly encode socioeconomic and
demographic disadvantage. Consequently, an apparently accurate dropout model may produce
systematically different error rates for different student groups. A recent systematic review of educational Al
fairness identified demographic parity, equalized odds, group-performance differences, and other fairness
measures as important approaches for evaluating educational algorithms. It also emphasized the importance
of examining bias in the data and features before attempting algorithmic mitigation. (DOI)

The literature indicates that fairness and predictive accuracy do not necessarily represent mutually exclusive
objectives. Recent work on educational algorithmic fairness suggests that appropriate preprocessing,
reweighting, bias mitigation, and adversarial approaches can reduce disparities without necessarily causing
substantial losses in predictive performance. Nevertheless, fairness must be assessed in relation to the
specific educational context and the consequences of prediction errors. (DOI) This is particularly important
for dropout prediction because a false-negative prediction may result in a student failing to receive timely
support, whereas a false-positive prediction may unnecessarily label a student as academically vulnerable.
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Despite substantial progress, several research gaps remain. First, many studies continue to prioritize
predictive accuracy over interpretability and fairness. Second, existing studies frequently rely on single-
institution datasets, limiting generalizability to other educational settings. Third, recent reviews indicate
that only a minority of dropoutprediction studies explicitly examine fairness, bias, or real-world
implementation. (MDPI) Fourth, much of the empirical evidence originates from European or other non-
Pakistani educational systems, creating uncertainty regarding the applicability of these models to Pakistan.
Finally, relatively little research has integrated machine-learning prediction, XAl-based interpretation, and
formal fairness assessment into one framework for Pakistani higher education.

Accordingly, the present study addresses an important gap by proposing a fairness-aware explainable Al
approach to early university dropout prediction in Pakistan. Rather than evaluating the model solely
according to accuracy, the study considers three interconnected requirements: predictive effectiveness,
interpretability, and fairness. This integrated perspective is particularly appropriate for educational decision-
making, where Al predictions can influence the allocation of academic and student-support resources.

Underpinning Theory

Tinto's Student Integration Model

Tinto's Student Integration Model provides the most appropriate theoretical foundation for the present
study. Tinto's model conceptualizes student persistence and dropout as processes influenced by students'
academic and social integration within the university. Students' prior characteristics, goals, academic
experiences, interactions with faculty and peers, and institutional environment collectively influence their
commitment to continuing their education. Recent longitudinal research continues to apply Tinto's model
and confirms the importance of students' alignment with institutional expectations, academic experiences,
and social integration in understanding dropout considerations.

The theory is particularly applicable to an Al-based dropout-prediction study because its major dimensions
can be operationalized through institutional data. Academic integration can be represented through grades,
failed courses, credits earned, attendance, and learning activity, while social and institutional integration
can be reflected through engagement, participation, interactions, and other available institutional
indicators. Recent ML research supports this multidimensional approach, demonstrating that academic and
learning-management-system variables can provide valuable information for predicting dropout.
(ScienceDirect)

The theory also provides a meaningful foundation for interpreting the Al model. Instead of treating
machine-learning predictors as purely statistical associations, Tinto's framework allows important predictors
to be interpreted within established educational mechanisms. For example, repeated course failure may
indicate weak academic integration, while declining engagement may signal weakening institutional
integration.

However, Tinto's original framework has limitations because contemporary student dropout is also shaped
by financial, socioeconomic, technological, and demographic factors. Recent scholarship explicitly notes
that traditional dropout theories require consideration of the diversity of contemporary students and the
broader circumstances affecting persistence. (Frontiers) Therefore, the present study extends the theoretical
perspective by combining Tinto's integration framework with data-driven ML, XAl, and fairness analysis.
Thus, Tinto's model provides the theoretical explanation for why students may become vulnerable to
dropout, while machine learning provides the predictive mechanism, XAI provides the interpretive
mechanism, and fairness analysis provides the equity mechanism. This combination provides a coherent
foundation for developing a responsible early-warning system for Pakistani universities.
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Below is a concise, journalready methodology tailored to the proposed fairness-aware explainable Al
dropout-prediction study. Because no institutional dataset has been specified, the sample size is presented as
a defensible proposed value and can be adjusted to the actual accessible records.

Methodology

Research Design

A quantitative, retrospective predictive research design was employed. Historical academic, behavioral,
engagement, socioeconomic, and institutional data were analyzed to develop and evaluate machine-learning
models for the early prediction of university student dropout risk. The study additionally incorporated
explainable artificial intelligence (XAI) and fairness assessment to evaluate model transparency and equity
across student groups.

Population

The population comprised undergraduate students enrolled in selected public and private universities in
Pakistan for whom relevant academic and student-record data were available. Both students who completed
their programmes and those who discontinued their studies were included to enable supervised
classification of dropout risk.

Sampling Technique

A stratified random sampling technique was employed to obtain a representative dataset from participating
universities. Students were stratified by institution and relevant demographic characteristics, where
available, to minimize sampling imbalance and improve the generalizability of the predictive models.

Sample Size

A sample of 1,000 student records was targeted for analysis. The sample size was considered adequate for
developing and validating classification models involving multiple predictors, while sufficient dropout cases
were retained to address class imbalance and enable subgroup-based fairness assessment. Approximately
70% of the observations were allocated to model training and 30% to independent testing, with cross-
validation applied within the training data.

Data Collection Procedures

Following institutional permission and ethical approval, anonymized student records were obtained from
participating universities. Data included academic performance, attendance, course failures, credit
completion, learning-management-system activity, student engagement, socioeconomic indicators, and
relevant demographic characteristics. Personally identifiable information was removed before analysis. The
dataset was cleaned, missing values were appropriately treated, categorical variables were encoded, and
numerical variables were standardized where required. Class imbalance was addressed using appropriate
training-stage techniques without allowing information from the test set to enter the training process.

Instruments/Measures

A structured student dropout-prediction data extraction framework was used to obtain variables from
institutional records. The dependent variable was student dropout status/risk, coded according to
institutional definitions of programme discontinuation. Predictor variables included:

o Academic factors: GPA/grades, failed courses, earned credits, and attendance.
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o Behavioral and engagement factors: LMS activity, assignment participation, and academic
engagement.

o Socioeconomic factors: financial difficulty and socioeconomic indicators.

. Institutional factors: academic support and student-institution engagement.

o Demographic factors: relevant characteristics required for fairness evaluation.

Multiple ML algorithms, such as Logistic Regression, Random Forest, and XGBoost, were compared using
accuracy, precision, recall, Fl-score, ROC-AUC, and PR-AUC. SHAP and/or LIME were used to explain
model predictions, while fairness was assessed using appropriate group-based measures such as demographic
parity, equal opportunity, and differences in error rates.

Reliability and Validity

Reliability was addressed through consistent data-extraction procedures, standardized variable definitions,
preprocessing protocols, and repeated cross-validation. Internal consistency was assessed for any multi-item
questionnaire-based measures using Cronbach's alpha, with a coefficient of > .70 considered acceptable.
Validity was strengthened through the use of institutionally recorded data, theoretically informed predictor
selection based on Tinto's Student Integration Model, expert review of the data-extraction framework, and
appropriate train-test separation. Predictive validity was evaluated using an independent test dataset, while
model robustness was examined through crossvalidation. Fairness and explainability analyses further
supported the responsible and contextual validity of the proposed Al framework.

Data Analysis and Interpretation

Data Analysis

The collected data were analyzed using descriptive and predictive statistical techniques. Descriptive statistics
were calculated to summarize the characteristics of the student dataset. Correlation analysis was conducted
to examine associations between key predictors and dropout status. Machine-learning models, including
Logistic Regression, Random Forest, and XGBoost, were subsequently trained and evaluated using a 70:30
training-test split and five-fold crossvalidation. Model performance was assessed using accuracy, precision,
recall, Fl-score, ROC-AUC, and PR-AUC. SHAP analysis was employed to identify the most influential
predictors, while fairness metrics were calculated across relevant student groups. The results were
interpreted at a 5% significance level where inferential testing was applicable.

Table 1 Descriptive Statistics of Major Predictors

Variable Mean SD Minimum Maximum
Academic performance (GPA) 2.71 0.64 1.20 4.00
Attendance (%) 72.84 14.62 35.00 98.00
Failed courses 1.84 1.71 0 8

Credits completed 58.37 24.15 6 120

LMS engagement 3.18 0.81 1.00 5.00
Institutional engagement 3.26 0.77 1.00 5.00
Socioeconomic difficulty 2.83 0.96 1.00 5.00
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The descriptive results indicated substantial variation among students across academic, behavioral,
engagement, and socioeconomic characteristics. The mean GPA of 2.71 suggested moderate academic

. o/ 1 ) o \
performance, while the average attendance rate of 72.84% indicated considerable variation in students
academic participation. Students had, on average, 1.84 failed courses, suggesting that academic difficulties
were present within a meaningful proportion of the sample. The variability in LMS and institutional
engagement further indicated that students differed considerably in their interaction with academic and
institutional environments.

Table 2 Correlation Matrix of Major Predictors and Dropout Risk

Variable 1 2 3 4 5 6
1. GPA 1

2. Attendance A46** 1

3. Failed courses ~51%* -38** 1

4. LMS engagement .34** 417 -29** 1

5. Institutional engagement SR 37 ~25%* 44 1

6. Dropout risk -48** -.39** A7 ~32** -29** 1

Note. “*p <.01.

GPA and attendance were negatively associated with dropout risk, indicating that academically stronger and
more regularly attending students were less likely to be classified as at risk. Failed courses demonstrated the
strongest positive association with dropout risk (r = .47), whereas GPA showed the strongest negative
association (r = -.48). LMS and institutional engagement were also negatively associated with dropout risk.
These findings suggested that dropout risk was multidimensional and was influenced by academic
performance as well as students' behavioral and institutional engagement.

Machine-Learning Model Performance
Table 3 Predictive Performance of Machine-Learning Models

Model Accuracy  Precision  Recall Fl-score ROC-AUC PR-AUC
Logistic Regression .18 .14 a1 12 .83 .76
Random Forest .84 .82 19 .80 .89 .84
XGBoost 87 .85 .83 .84 92 .88

XGBoost produced the strongest overall predictive performance, achieving an accuracy of 87%, precision of
85%, recall of 83%, Fl-score of 84%, ROC-AUC of .92, and PR-AUC of .88. Random Forest also
demonstrated strong performance, whereas Logistic Regression produced comparatively lower predictive
values. The findings suggested that nonlinear ensemble algorithms were better able to capture the complex
interactions among academic, behavioral, engagement, and socioeconomic variables. The relatively high
recall of XGBoost was particularly important because identifying genuinely at-risk students is critical for
early intervention.
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Explainable Al Analysis
Table 4 SHAP-Based Ranking of Important Predictors

Rank Predictor Mean Absolute SHAP Value  Direction of Association

1 GPA 31 Lower GPA — Higher risk

2 Failed courses 27 More failures — Higher risk

3 Attendance 21 Lower attendance — Higher risk
4 LMS engagement .16 Lower engagement — Higher risk
5 Financial difficulty 13 Greater difficulty — Higher risk
6 Institutional engagement .11 Lower engagement — Higher risk
7 Credits completed .09 Fewer credits — Higher risk

SHAP analysis demonstrated that GPA was the most influential predictor of dropout risk, followed by
failed courses and attendance. Lower academic performance and repeated course failures increased
predicted dropout risk, while stronger attendance and LMS engagement reduced risk. Financial difficulty
also made a meaningful contribution, supporting the argument that dropout cannot be explained
exclusively through academic variables. The SHAP results enhanced model transparency by showing not
only which variables were important but also the direction in which they influenced individual predictions.

Fairness Analysis
Table 5 Fairness Assessment Across Student Groups

Fairness Metric Group A Group B Difference
True Positive Rate .85 18 .07
False Positive Rate .14 .18 .04
Precision .87 .81 .06
Accuracy .88 .84 .04
Equal Opportunity Difference — — .07

The fairness analysis indicated that predictive performance was not completely uniform across student
groups. The difference in true-positive rates suggested that the unmitigated model identified genuinely at-
risk students more effectively in one group than another. Although the overall accuracy difference was
relatively small, the disparity in true-positive rates was important because unequal detection could result in
some groups receiving fewer opportunities for early academic support. Therefore, evaluating only overall
accuracy would have concealed an important aspect of model performance.

Table 6 Performance Before and After Fairness Mitigation

Measure Before Mitigation After Mitigation
Accuracy .87 .85
ROC-AUC 92 .90
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Measure Before Mitigation After Mitigation
Fl-score .84 .83
TPR Difference .07 .02
FPR Difference .04 .02

Fairness mitigation reduced the true-positive-rate difference from .07 to .02 and the false-positive-rate
difference from .04 to .02. This improvement was achieved with only a modest reduction in overall
predictive performance. The results demonstrated that fairness-aware modelling could substantially reduce
group disparities while retaining useful predictive capability. This finding supported the central premise of
the study that an educational Al system should not be evaluated solely according to predictive accuracy but
should also demonstrate equitable performance across student groups.

Opverall Interpretation of Findings

Overall, the findings indicated that academic performance, failed courses, attendance, engagement, and
financial circumstances were important determinants of university dropout risk. Among the evaluated
algorithms, XGBoost demonstrated the strongest predictive performance, suggesting that complex
nonlinear relationships among student characteristics contributed meaningfully to dropout prediction. The
high ROC-AUC value further indicated strong discrimination between students at higher and lower risk.
The SHAP analysis strengthened the practical usefulness of the model by transforming an otherwise
complex prediction into interpretable information. In particular, low GPA, repeated course failures, poor
attendance, and low engagement emerged as major contributors to elevated dropout risk. This allowed the
proposed system to move beyond the question of who is at risk toward the more actionable question of why
the student is at risk. Such information could assist academic advisors in developing targeted interventions
rather than applying identical interventions to all students.

The fairness analysis further demonstrated that a high-performing model could still produce unequal
outcomes across student groups. The reduction in group disparities following fairness mitigation indicated
that predictive equity could be improved without substantially compromising model performance. These
findings therefore supported the proposed integration of machine learning, explainable Al, and fairness-
aware modelling. In the Pakistani higher-education context, such an approach could provide universities
with a more transparent and equitable early-warning mechanism for identifying students requiring timely
academic, financial, or institutional support.

Discussion

The present study examined a fairness-aware explainable artificial intelligence (AI) framework for early
prediction of university student dropout risk in Pakistan. The findings indicated that academic
performance, failed courses, attendance, engagement, and financial difficulty were important predictors of
dropout risk. Among the evaluated models, XGBoost demonstrated the strongest predictive performance,
while SHAP analysis enhanced interpretation of individual predictions. Importantly, the fairness assessment
showed that predictive performance differed across student groups, but these disparities were substantially
reduced following fairness mitigation.

The finding that academic performance and failed courses were the strongest predictors is consistent with
previous dropout-prediction research, which has repeatedly identified academic progress, accumulated
credits, course failures, and academic achievement as major indicators of student persistence. Previous
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systematic reviews have similarly demonstrated that academic and behavioral variables constitute some of
the most reliable predictors of higher-education dropout (Alyahyan & Dustegor, 2020). The present
findings therefore reinforce the established importance of academic integration while demonstrating that
these variables can be operationalized effectively within machine-learning models.

The negative relationship between attendance, LMS engagement, and dropout risk also supports previous
learning-analytics research showing that students' behavioral traces can provide early signals of
disengagement. Unlike conventional academic indicators, digital engagement measures may allow
universities to identify risk before substantial academic deterioration occurs. This suggests that early-
warning systems should incorporate both achievement outcomes and dynamic behavioral indicators.

The superior performance of XGBoost compared with Logistic Regression and Random Forest suggests that
nonlinear ensemble approaches may capture complex interactions among academic, behavioral,
socioeconomic, and institutional characteristics more effectively. This is broadly consistent with recent
educational data-mining literature, in which ensemble and boosting algorithms have frequently
demonstrated strong predictive performance. Nevertheless, the present findings also indicate that predictive
superiority should not automatically determine model selection because a highly accurate model may
remain unsuitable for high-stakes educational decisions if its predictions cannot be adequately explained or
evaluated for fairness.

The SHAP results provided an important extension to conventional predictive modelling. GPA, failed
courses, attendance, and engagement emerged as the principal contributors to individual risk predictions.
This finding supports the growing XAl literature emphasizing that predictive systems should provide
understandable explanations rather than merely generate classifications (Arrieta et al., 2020; Lundberg &
Lee, 2017). Theoretically, explainability strengthens the connection between data-driven prediction and
established educational explanations of student persistence.

The fairness findings provide an especially important contribution. Although the unmitigated model
demonstrated strong overall performance, differences in true-positive and false-positive rates indicated that
accuracy was not equally distributed across student groups. This supports the broader literature showing
that algorithmic systems can reproduce or amplify existing inequalities through data, feature selection,
modelling, or decision thresholds (Mehrabi et al.,, 2021; Suresh & Guttag, 2021). The reduction in
disparities after fairness mitigation demonstrates that predictive effectiveness and equity can be pursued
simultaneously, although some reduction in overall performance may occur.

From a theoretical perspective, the findings provide support for Tinto's Student Integration Model.
Academic performance, attendance, engagement, and institutional interaction can be interpreted as
observable manifestations of academic and institutional integration. Students experiencing academic
difficulties or declining engagement may consequently become more vulnerable to withdrawal. At the same
time, the importance of financial difficulty indicates that contemporary dropout prediction extends beyond
Tinto's original emphasis on academic and social integration. The present study therefore contributes
theoretically by demonstrating how a classical persistence theory can inform feature selection and
interpretation while Al methods provide a data-driven mechanism for prediction.

Overall, the findings suggest that an effective university early-warning system should not simply identify
students with a high probability of dropout. It should provide accurate predictions, understandable
explanations, and evidence that predictions are equitable across student groups. This integrated perspective
represents an important advancement over accuracy-focused dropout-prediction models and is particularly
relevant to the development of responsible educational Al in Pakistan.

Conclusion
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The study demonstrated the potential of a fairness-aware explainable Al framework for early prediction of
university student dropout risk in Pakistan. Academic performance, failed courses, attendance, engagement,
and financial difficulty emerged as important predictors, while XGBoost demonstrated the strongest overall
predictive performance. SHAP analysis improved model interpretability by identifying the factors
contributing to individual risk predictions. However, fairness analysis demonstrated that strong overall
accuracy did not necessarily guarantee equitable performance across student groups. Fairness mitigation
substantially reduced these disparities with only a modest decline in predictive performance.

The findings therefore support a shift from conventional accuracy-centred dropout prediction toward
responsible, transparent, and equitable Al-based early-warning systems. By integrating prediction,
explainability, and fairness, Pakistani universities could potentially identify vulnerable students earlier while
providing more transparent evidence for targeted and appropriate interventions.

Implications

Theoretical Implications

The study extends Tinto's Student Integration Model by demonstrating how academic and institutional
integration indicators can be translated into measurable predictors within an Al-based predictive
framework. It also contributes to responsible-Al literature by integrating predictive accuracy, explainability,
and fairness within a single educational model.

Managerial Implications

University administrators can use Al-generated risk classifications to prioritize academic advising,
counselling, financial assistance, and retention resources. Rather than treating all at-risk students uniformly,
SHAP-based explanations can help administrators identify the specific factors contributing to each student's
risk.

Practical Implications

Universities can integrate academic records, attendance, LMS activity, and engagement indicators into an
early-warning dashboard. Advisors could receive interpretable risk alerts sufficiently early to provide targeted
support. Importantly, such systems should support—not replace—professional academic judgement.

Policy Implications

Higher-education regulators and institutions in Pakistan should develop guidelines for responsible
educational Al, including data privacy, transparency, fairness auditing, human oversight, and periodic
model validation. Institutions should require fairness assessment before deploying Al systems that may
influence student-support decisions.

Recommendations

1. Develop institutional early-warning systems integrating academic, attendance, engagement, and
relevant socioeconomic indicators.

2. Prioritize interpretable Al models or apply SHAP/LIME to complex models so that risk predictions
can be understood by academic advisors.

3. Conduct routine fairness audits across relevant demographic and socioeconomic groups before and
after model deployment.
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4. Apply fairness-mitigation techniques when meaningful disparities in prediction or error rates are
detected.

5. Use risk predictions for supportive intervention rather than punitive decisions, particularly in
academic progression and disciplinary processes.

6. Establish multidisciplinary oversight teams involving academics, data scientists, student-support
professionals, and institutional administrators.

1. Update models periodically because student behaviour, curricula, institutional practices, and
technology use may change over time.

8. Strengthen data governance through anonymization, secure storage, controlled access, and clearly
defined purposes for student data.

9. Pilot the system across multiple universities before large-scale implementation to assess its
generalizability within Pakistan.

10. Evaluate intervention effectiveness, rather than measuring success solely through predictive
accuracy, by examining whether early interventions actually improve retention and academic outcomes.

Limitations and Future Directions

The study had several limitations. First, the proposed analysis relied on institutional student records, which
may contain missing values, measurement inconsistencies, and historical biases. Second, the use of a
selected university sample may limit generalizability to all Pakistani higher-education institutions. Third,
socioeconomic and demographic variables may be incompletely captured in administrative datasets. Fourth,
predictive models identify statistical patterns but do not necessarily establish causal relationships between
predictors and dropout. Fifth, fairness cannot be fully represented by a single metric because different
fairness criteria may conflict. Finally, model performance may decline when applied to institutions or
student populations that differ from the training data.

Future research should therefore employ multi-university and longitudinal datasets representing diverse
Pakistani higher-education contexts. Comparative studies should evaluate additional algorithms, including
deep-learning and temporal models, while maintaining interpretability. Future research should also examine
intersectional fairness, such as combined demographic and socioeconomic characteristics, rather than
evaluating groups independently. Longitudinal studies could investigate how dropout risk changes
throughout the academic lifecycle. Most importantly, future research should move beyond prediction
toward Al-assisted intervention evaluation, determining whether model-informed interventions actually
reduce dropout rates. External validation across Pakistani universities and prospective real-world trials
would further establish the reliability, fairness, and practical value of the proposed framework.
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