
_____________________________________________________________________________________________ 

Volume: 4, No: 1               January-March, 2026 

7721 

                                  ISSN Online: 3006-4708 

                                                                                                        ISSN Print:   3006-4694 

SOCIAL SCIENCE REVIEW ARCHIVES 

https://policyjournalofms.com 

 

Digital Transformation of Pakistani Universities Through AI-Driven Learning Analytics: Predicting 

Student Attrition, Identifying Learning Difficulties, and Designing Early Intervention Systems 

 

Imran Ullah Khan*1, Dr. Aijaz Ali Soomro2, Badria Hashmi3 

1 Institute of Education &Research, Kohat University of Science and Technology Kohat. 

  Email: imranullahktk925@gmail.com  

2 Assistant Professor, College Education Department Government of Sindh. 

  Email: aijazas2020@gmail.com 

3 University of Education Lahore, D.G Khan campus. Email: sheezahashmi6@gmail.com  

 

DOI: https://doi.org/10.70670/sra.v4i1.2650 

Abstract 

The digital transformation of Pakistani universities through AI-driven learning analytics represents a 

paradigm shift from reactive, summative academic evaluation toward predictive, real-time student support 

systems. This review examines the technological infrastructure, predictive machine learning frameworks, 

diagnostic mechanisms, and early intervention architectures underpinning this transformation within 

Pakistan's Higher Education Institutions (HEIs). The study analyzes national initiatives, including the Pakistan 

Education and Research Network (PERN), the Higher Education Development Project (HEDP), and the 

integrated ecosystem of Astrolabes Datacenters, Maktab ERP, Al-Fihri LMS, and Al-Meissa High-

Performance Computing, which collectively establish the data foundations required for nationwide learning 

analytics. A comparative evaluation of machine learning algorithms including Random Forest, Artificial 

Neural Networks, Decision Trees, Support Vector Machines, and ensemble methods reveals that ensemble 

approaches offer an optimal balance of predictive precision and interpretability for attrition modeling. The 

review identifies foundational first-year courses, first-semester GPA, socioeconomic status, medium-of-

instruction transitions, and psychosocial factors as critical determinants of student attrition and learning 

difficulties. Furthermore, it proposes a closed-loop Early Intervention System integrating automated 

behavioral nudges, targeted academic support, institutional advising, and financial aid coordination. The paper 

also addresses socio-technical barriers, algorithmic bias, ethical governance, and data privacy concerns, 

recommending Explainable AI principles, federated learning architectures, standardized data protocols, and 

continuous faculty capacity development. The review concludes that successful AI-driven learning analytics 

implementation in Pakistan requires synchronized investment in technological infrastructure, ethical 

frameworks, and human capacity to ensure equitable, interpretable, and actionable student success outcomes. 
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1. Introduction 

1.1 Systemic Background and Context 

Higher education systems in developing nations face severe structural pressures characterized by rapid 

massification, resource constraints, and substantial rates of student attrition. In Pakistan, the higher education 

sector has historically suffered from fragmented administrative records, paper-based academic tracking, and 
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reactive student support mechanisms (Ali et al., 2026). These legacy inefficiencies contribute to high 

dropouts, extended degree completion timelines, and unaddressed learning difficulties, particularly among 

students transitioning from diverse secondary education backgrounds to rigorous university curricula 

(Siddiqui et al., 2025). 

To reverse these trends, the Higher Education Commission (HEC) of Pakistan, supported by international 

developmental partnerships such as the World Bank-funded Higher Education Development Project (HEDP), 

launched a comprehensive digital transformation agenda (Malik & Rafiq-uz-Zaman, 2025). This initiative 

aims to transition public and private Higher Education Institutions (HEIs) from traditional pedagogical models 

toward modern, technology-enabled learning environments. Central to this transition is the integration of 

Educational Data Mining (EDM) and Learning Analytics (LA) paradigms that measure, collect, analyze, and 

report data about learners and their contexts to optimize educational outcomes (Bahazad & Basit, 2026). 

 

1.2 Paradigm Shift Toward AI-Driven Analytics 

The conceptual framework of learning analytics marks a shift from historical administrative reporting to real-

time, predictive intelligence. Historically, academic institutions evaluated student standing at the conclusion 

of an academic term using summative grade point averages (GPAs). However, summative metrics operate as 

post-hoc indicators, capturing academic failure only after dropouts or course failures have occurred (Dili & 

Ansong, 2025). 

By deploying Artificial Intelligence (AI) and Machine Learning (ML) over robust digital network 

infrastructures, Pakistani universities can dynamically evaluate student behavioral logs, learning management 

system (LMS) engagement patterns, continuous assessment performance, and demographic variables. This 

dynamic evaluation enables institutional stakeholders to anticipate student attrition, diagnose specific 

conceptual learning difficulties during the instructional period, and deploy targeted, automated early 

interventions (Tian et al., 2026). 

Figure 1: Strategic Role and Implementation Domains of AI in Higher Education Institutions 
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2. Infrastructure Foundations of Digital Transformation in Pakistani HEIs 

2.1 Strategic National Initiatives: HEC, PERN, and HEDP 

The technological modernization of Pakistan's higher education landscape relies on nationwide digital 

infrastructure developed under the stewardship of the HEC. The primary enterprise backbone of this network 

is the Pakistan Education and Research Network (PERN), a National Research and Education Network 

(NREN) connecting higher education institutions and research centers across more than 70 cities. PERN's 

infrastructure spans over 7,000 kilometers of fiber optic connectivity, providing high-speed internet, dedicated 

educational intranets, and inter-university data exchange capabilities to over 440 HEIs and affiliated colleges 

(Hussain et al., 2026). 

Complementing PERN's network connectivity is the Higher Education Development Project (HEDP), 

initiated in 2019 to modernize campus environments. By late 2024, independent evaluations indicated that 

HEDP had met over 95 percent of its performance targets, driving structural upgrades across public sector 

universities (Asghar, 2024). A key element of this effort is the Smart Education framework, which has 

deployed over 20,000 Wi-Fi access points across 96 HEIs to support ubiquitous campus connectivity. 

Additionally, national laptop distribution initiatives have provided 500,000 2-in-1 detachable devices to 

students, establishing the hardware baseline required for digital learning platforms (ur Rehman & Huma, 

2024). 

 

2.2 Technical Ecosystem: Astrolabes, Maktab ERP, and Al-Fihri LMS 

To support advanced analytical workloads and high-volume data processing across Pakistani universities, the 

HEC established a centralized technological ecosystem. This architecture integrates core cloud infrastructure, 

enterprise management tools, academic delivery systems, and network security protocols (Usman et al., 2022). 

Table 1: Core Components of Pakistan's National Higher Education Digital Infrastructure 

Infrastructure 

Component 

Technological Role & Operational 

Function 

Strategic Impact on Learning 

Analytics 

Astrolabes 

Datacenters 

Dual Tier-3 certified datacenters located in 

Karachi and Lahore providing secure, 

centralized cloud storage and enterprise 

data processing. 

Centralizes institutional big data, 

enabling unified data mining across 

heterogeneous university systems. 

As-Sadeem Cloud 

Solutions 

National academic cloud infrastructure 

supporting scalable computational 

environments and platform services for 

HEIs. 

Eliminates localized hardware 

bottlenecks, allowing predictive ML 

models to scale across nationwide 

student records. 

Al-Meissa High-

Performance 

Computing (HPC) 

Supercomputing environment engineered 

for complex scientific research, massive 

data synthesis, and deep learning training. 

Provides the computational 

capability required for real-time 

processing of complex, multi-

variable educational datasets. 

Maktab ERP-SLCS Enterprise Resource Planning and Student 

Life Cycle System managing admissions, 

financial records, registration, and 

academic transcripts. 

Serves as the primary source of 

demographic, financial, and 

historical academic data for 

predictive baseline modeling. 

Al-Fihri LMS Centralized, cross-platform Learning 

Management System optimized for mobile 

Generates fine-grained clickstream 

data, assignment completion 
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and desktop academic delivery. metrics, and continuous behavioral 

engagement logs. 

Jidar Network 

Security 

Enterprise security suite delivering data 

protection, privacy compliance, access 

control, and threat management. 

Ensures institutional data integrity 

and protects student privacy across 

national analytics pipelines. 

This integrated technological infrastructure shifts Pakistani universities from localized, paper-based 

administrative units into an interconnected academic network. Centralizing administrative records via Maktab 

ERP and learning interactions via Al-Fihri LMS generates the foundational data assets required to execute 

predictive learning analytics at a national scale (SABA et al., 2021). 

 

3. Predictive Machine Learning Frameworks for Student Attrition 

3.1 Data Acquisition, Preprocessing, and Feature Selection 

Developing robust student attrition prediction models requires systematic data integration following standard 

frameworks such as CRISP-DM (Cross-Industry Standard Process for Data Mining). Data harvested from 

Maktab ERP and Al-Fihri LMS spans diverse domains, including socio-demographic backgrounds, financial 

aid status, high school entry qualifications, continuous internal assessment grades, and fine-grained LMS 

interaction logs (Kabathova & Drlik, 2021). 

Because raw educational datasets contain missing values, multi-collinearity, and class imbalances where 

graduating students significantly outnumber dropouts stringent preprocessing protocols are required. Missing 

data imputation techniques, such as mean substitution or k-nearest neighbor imputation, address incomplete 

records (Kok et al., 2024). Feature selection procedures are subsequently applied to identify variable subsets 

that correlate with attrition while removing redundant features. Multivariate filter methods, such as 

Correlation-based Feature Selection, evaluate candidate features based on their statistical significance relative 

to the target variable, preventing model overfitting and preserving output interpretability (Fernández-García 

et al., 2021). 

 

Figure 2: Architecture of the Predictive Data Mining Process and Machine Learning Framework 

 



_____________________________________________________________________________________________ 

Volume: 4, No: 1               January-March, 2026 

7725 

3.2 Algorithmic Modeling and Performance Evaluation 

Various machine learning and deep learning algorithms have been deployed in higher education environments 

to predict student attrition, exhibiting distinct computational trade-offs, predictive accuracies, and levels of 

interpretability (Raschka, 2018). 

Table 2: Comparative Analysis of Predictive Machine Learning Models in Educational Analytics 

Machine 

Learning 

Algorithm 

Average 

Predictive 

Accuracy 

Range 

Key 

Computational 

Strengths 

Primary 

Limitations in HEI 

Context 

Applicability to 

Pakistani 

University 

Context 

Primary 

Sources 

Random 

Forest (RF) 

75.5% – 

99.0% 

Excellent handling 

of non-linear data; 

native feature 

importance 

ranking; high 

resistance to 

overfitting. 

Can become 

computationally 

intensive on massive 

datasets without 

hyperparameter 

tuning. 

Highly 

recommended; 

balances high 

predictive 

precision with 

interpretable 

feature importance 

for academic 

advisors. 

 

Artificial 

Neural 

Networks 

(ANN) 

77.3% – 

91.0%+ 

Captures complex, 

high-dimensional 

interactions; 

superior 

performance on 

large-scale 

multimodal data. 

Lack of 

interpretability 

("black box" 

dilemma); requires 

substantial 

computational 

training capacity. 

Effective when 

hosted on 

Astrolabes 

cloud/Al-Meissa 

HPC; requires 

supplementary 

Explainable AI 

layers. 

 

Decision 

Trees (DT) 

70.1% – 

95.3% 

High white-box 

interpretability; fast 

training speeds; 

generates 

transparent 

decision rules. 

Susceptible to 

overfitting and 

instability with 

small parameter 

changes. 

Useful for 

localized, course-

level decision tree 

modeling where 

transparent rules 

are required by 

faculty. 

 

Support 

Vector 

Machines 

(SVM) 

72.0% – 

85.0% 

Effective in high-

dimensional feature 

spaces; robust 

boundary 

separation for 

binary 

classification. 

Sensitive to 

hyperparameter 

choices; slow 

training times on 

large-scale datasets. 

Applicable for 

focused, 

department-level 

classification of 

binary attrition risk 

profiles. 

 

Subspace K-

Nearest 

Neighbors 

84.0% – 

86.3% 

Captures localized 

cluster patterns; 

effective for 

Computationally 

expensive during 

inference; sensitive 

Proven effective 

for upper-year 

specialized 
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(KNN) specialized 

program-specific 

student cohorts. 

to irrelevant features 

without prior feature 

selection. 

academic program 

attrition tracking. 

RUSboosted 

Trees / 

Ensemble 

Boosted 

78.0% 

Sensitivity / 

86% 

Specificity 

Specially 

engineered to 

address highly 

imbalanced 

datasets by 

minimizing false 

negatives. 

Higher operational 

complexity; risk of 

over-predicting 

attrition risk if 

improperly 

calibrated. 

Critical for early-

stage identification 

where missing an 

at-risk student 

carries severe 

consequences. 

 

Empirical findings show that while complex architectures like Artificial Neural Networks achieve strong 

classification performance on high-volume datasets, ensemble methods specifically Random Forest and 

Gradient Boosting offer an optimal balance of predictive precision and algorithmic interpretability. Advanced 

modeling techniques also incorporate metaheuristic optimization algorithms, such as Simulated Annealing, to 

dynamically optimize hyperparameter selection and ensemble model weights, maximizing predictive 

reliability across heterogeneous institutional datasets (Syed Mustapha, 2023). 

 

4. Diagnostic Identification of Academic Bottlenecks and Learning Difficulties 

4.1 Structural Predictors and Course-Level Diagnostic Metrics 

Student attrition is rarely an isolated event; rather, it is the culmination of progressive academic 

disengagement and unaddressed learning difficulties. Machine learning models applied to academic 

transcripts consistently identify performance in foundational first-year courses as a strong structural predictor 

of long-term retention (Yang et al., 2025). 

In engineering, technology, and natural science disciplines across Pakistani HEIs, foundational courses act as 

diagnostic bottlenecks. Analysis reveals that early performance metrics in core subjects such as Mechanics 

and Materials, Design of Machine Elements, and Instrumentation and Control exhibit strong negative 

correlations with cumulative attrition rates (Paz, 2025). When students experience unaddressed conceptual 

gaps in these introductory courses, their academic performance deteriorates in subsequent terms, accelerating 

disengagement. Furthermore, the first-semester Grade Point Average acts as a primary temporal pivot point. 

Predictive modeling demonstrates that incorporating first-semester academic results significantly improves 

early attrition detection accuracy compared to models relying solely on pre-enrollment entry metrics (Rondi, 

2025). 

 

4.2 Socioeconomic, Psychosocial, and Pedagogical Determinants 

Beyond academic performance, student success across Pakistani universities is governed by an intersection 

of socioeconomic, psychosocial, and structural factors (Najafov, 2025). 

Table 3: Multidimensional Determinants of Student Attrition and Learning Barriers 

Determinant 

Category 

Specific Variable / Feature Structural Impact on Learning & 

Retention 

Primary 

Sources 

Socioeconomic 

Status 

Household income level, 

financial aid dependency, 

urban-rural origin. 

Low-income households face elevated 

attrition risk due to financial stress and 

resource limitations. 

 

Pedagogical Medium-of-instruction 

transition, high school 

Moving from regional-language 

secondary schooling to English-
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Shift background differences. medium university instruction creates 

learning barriers. 

Academic 

Performance 

First-semester GPA, 

foundational STEM course 

completion, quiz submission 

latency. 

Conceptual failure in early 

foundational modules cascades into 

systemic academic standing probation. 

 

Enrollment 

Dynamics 

Student course preference rank, 

part-time vs. full-time status, 

degree program choice. 

Enrolling in lower-preference degree 

programs reduces intrinsic motivation, 

increasing dropouts. 

 

Psychosocial & 

Health 

Campus social integration, 

psychological stress, health 

issues, faculty engagement. 

Lack of institutional connection and 

unaddressed personal stress lead to 

premature withdrawal. 

 

In the context of Pakistani higher education, the transition in the primary medium of instruction represents a 

critical pedagogical hurdle. Students originating from rural or underserved secondary education systems often 

encounter challenges when adapting to English-medium instruction and digital learning interfaces. When 

combined with financial hardships or placement into academic programs outside their initial preferences, 

these challenges manifest as delayed assignment submissions, declining test scores, and eventual non-

attendance behavioral markers captured by learning analytics pipelines (Valencia-Arias et al., 2025). 

 

5. Architectural Design of AI-Driven Early Intervention Systems (EIS) 

5.1 Closed-Loop Learning Analytics Architecture 

To convert predictive insights into operational outcomes, universities require an integrated Early Intervention 

System. An effective Early Intervention System functions as a closed-loop computational ecosystem that 

continuously collects data, evaluates risk profiles, triggers interventions, and measures efficacy (Qin et al., 

2026). 

The architectural flow begins at the Data Ingestion and Aggregation Layer, which executes continuous 

background extraction of academic, financial, and LMS engagement logs via high-speed PERN network 

channels. These aggregated data streams are fed directly into the Predictive Analytics Engine hosted on 

Astrolabes Datacenters. The engine processes the incoming streams using trained machine learning algorithms 

to compute individualized risk indices (Subeq, 2026). 

Once risk indices are generated, they pass to the Visualization and Alerting Interface, presenting role-specific 

dashboards to academic advisors, faculty members, and institutional leaders. The system then engages the 

Intervention Workflow Orchestrator, which triggers automated routing mechanisms based on categorized risk 

thresholds. Finally, the process concludes with the Feedback and Evaluation Loop, which tracks post-

intervention student performance to evaluate strategy effectiveness and dynamically retrain predictive models 

(Kumar, 2025). 

 

5.2 Operational Interventions and Pedagogical Workflows 

The operational success of an Early Intervention System depends on its ability to translate algorithmic outputs 

into targeted, human-centered interventions. Utilizing skill-will profiling methodologies, the intervention 

system categorizes students into risk tiers, triggering specific institutional responses: 

• Automated Behavioral Nudges: For students displaying mild engagement declines, such as missed 

LMS video lectures or delayed assignment submissions, the Al-Fihri system automatically dispatches 

personalized notifications and task reminders directly to their registered devices (Fadillah et al., 2025). 
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• Targeted Academic Support and Peer Tutoring: When an algorithmic alert identifies conceptual 

struggles in early foundational courses, the student is automatically enrolled in peer-assisted learning 

groups and supplemental bridge workshops tailored to address specific module gaps (Sekli & Godo, 

2025). 

• Institutional Advising and Counseling Case Management: High-risk flags such as severe GPA 

drops combined with attendance declines escalate to university counseling and academic advising 

departments. Advisors receive diagnostic dashboards detailing the specific factors driving the student's 

risk score, enabling informed academic and personal support sessions (Marchena Sekli & Godo, 

2025). 

• Financial Aid Coordination: If financial hardship is flagged as a key attrition risk factor, the system 

alerts the institutional financial aid office to review the student's eligibility for emergency bursaries or 

HEC scholarship programs (Sajja et al., 2025). 

6. Socio-Technical Challenges, Ethical Governance, and Policy Recommendations 

6.1 Technological and Institutional Barriers 

Despite structural advancements under the HEDP, deploying AI-driven learning analytics across Pakistani 

universities faces several systemic challenges. A primary constraint is the technological divide between major 

tier-one urban universities and regional campuses situated in less developed areas. While central hubs benefit 

from robust PERN connectivity and campus Wi-Fi, peripheral institutions frequently experience local network 

instability, limited IT staffing, and hardware maintenance delays (Ravi, 2025). 

On a socio-technical level, institutional inertia and low digital literacy among academic staff present 

significant resistance. Faculty members may perceive predictive analytics as administrative surveillance or 

resist altering traditional instructional methods based on algorithmic alerts (Yang et al., 2026). Addressing 

this cultural barrier requires extensive professional development initiatives, such as those conducted by HEC's 

National Academy of Higher Education (NAHE), which has trained over 1,100 faculty members and 900 

administrative personnel in modern digital tools and academic management practices (Wu & Zhong, 2025). 

 

6.2 Ethical AI, Algorithmic Bias, and Data Governance 

The integration of predictive machine learning models into high-stakes academic environments introduces 

critical ethical challenges. Deep learning models often operate as opaque "black boxes," making it difficult 

for educators to understand how specific risk scores are calculated. This lack of transparency can lead to 

algorithmic bias, where predictive models unintentionally penalize students from disadvantaged 

socioeconomic backgrounds or non-traditional secondary education routes (Guillen-Aguinaga et al., 2025). 

To preserve equity, institutional learning analytics frameworks must incorporate Explainable AI principles. 

Models should prioritize interpretable algorithm designs such as Decision Trees or feature-ranked Random 

Forests that expose the primary variables driving risk classifications. Furthermore, institutions must 

implement rigorous data governance policies under the Jidar security architecture to enforce student data 

privacy, secure informed consent for analytics tracking, and restrict data access exclusively to authorized 

academic personnel (Rhem et al., 2023). 

 

6.3 Strategic Policy Roadmap for Pakistani Higher Education 

To maximize the impact of AI-driven learning analytics, the HEC and university leaders should pursue a 

structured, multi-phase implementation roadmap: 

• Standardization of Academic Data Protocols: Establish unified data formatting standards across all 

public and private HEIs integrating with Maktab ERP and Al-Fihri LMS to ensure seamless analytics 

interoperability nationwide (Nadeem, 2023). 
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• Establishment of Institutional Analytics Units: Form specialized Learning Analytics teams within 

university Quality Enhancement Cells, combining data scientists, academic advisors, and educational 

psychologists to oversee early intervention workflows. 

• Mandatory Ethical Frameworks and Bias Audits: Issue national guidelines requiring regular 

algorithmic fairness audits of predictive models to prevent systemic bias against underrepresented or 

low-income student populations (Mamoon, 2024). 

• Deployment of Federated Learning Models: Implement edge-computing and federated learning 

architectures across PERN nodes, allowing regional universities to train localized predictive models 

tailored to their student demographics without exposing sensitive individual student records 

(ASHRAF, 2020). 

• Continuous Capacity Development: Expand NAHE training programs to build digital pedagogy 

skills among all university faculty, ensuring educators can effectively interpret learning analytics 

dashboards and execute targeted interventions (Iqbal et al., 2021). 

Conclusion 

This review demonstrates that AI-driven learning analytics holds transformative potential for addressing 

student attrition, identifying learning difficulties, and designing early intervention systems within Pakistani 

universities. The convergence of national digital infrastructure anchored by PERN connectivity, Astrolabes 

cloud datacenters, Maktab ERP, and Al-Fihri LMS has created the foundational data ecosystem necessary for 

deploying predictive analytics at scale. Empirical evidence confirms that machine learning algorithms, 

particularly ensemble methods such as Random Forest and Gradient Boosting, can achieve strong predictive 

accuracy while maintaining the interpretability essential for academic decision-making. The identification of 

first-semester GPA, foundational STEM course performance, socioeconomic status, and medium-of-

instruction transitions as key attrition predictors enables institutions to move beyond post-hoc remediation 

toward proactive, personalized support. The proposed closed-loop Early Intervention System offers a 

structured framework for translating algorithmic insights into human-centered interventions, including 

behavioral nudges, peer tutoring, advising case management, and financial aid coordination. However, 

technological deployment alone is insufficient. The review underscores that sustainable implementation 

demands robust ethical governance, Explainable AI principles, rigorous bias audits, and comprehensive 

faculty training to overcome institutional inertia and digital literacy gaps. Policy recommendations including 

standardized data protocols, institutional analytics units, federated learning architectures, and expanded 

NAHE capacity development provide a strategic roadmap for HEC and university leadership. Ultimately, 

Pakistan's digital transformation in higher education must balance predictive precision with educational 

equity, ensuring that AI-driven analytics serve as instruments of student empowerment rather than 

surveillance. Future research should prioritize longitudinal validation of intervention efficacy, cross-

institutional model generalizability, and the development of culturally responsive analytics frameworks 

tailored to Pakistan's diverse student populations. 
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