
Liberal Journal of Language & Literature Review 
Print ISSN: 3006-5887 

Online ISSN: 3006-5895 
 

 3591 

Liberal Journal of Language & Literature Review 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Liberal Journal of Language & Literature Review 

Print ISSN: 3006-5887 
Online ISSN: 3006-5895 

https://llrjournal.com/index.php/11 
 
 

 
 

Vol. 4 No. 1 (2026) 
 

GENERATIVE AI-POWERED ADAPTIVE LEARNING FOR 
PERSONALIZED HIGHER EDUCATION: MULTIMODAL 
LEARNING ANALYTICS AND EARLY PREDICTION OF 

ACADEMIC FAILURE IN PAKISTANI UNIVERSITIES 
 

Syed Ahmed Khan1, Ghulam Muhammad Malik2,  
Asad Ullah*3, Shahzeb Iqbal4 

 
1Department of Computer Science, Lasbela University of Agriculture, 

Water & Marine Sciences 
2Institute of Education, University of Sargodha, Sargodha 

*3Department of Educational Research & Assessment, University of 
Okara, Okara, 56300, Pakistan 

4Department of Computer Science, University of Mianwali. 
 
1ahmed.cs@luawms.edu.pk, 2ghulam.muhammad@uos.edu.pk, 

*3asadullahsial786@gmail.com, 4shahzebiqbal749@gmail.com 
 

Orcid.*30009-0001-1823-5743 
 

 

 

 

https://llrjournal.com/index.php/11
mailto:ghulam.muhammad@uos.edu.pk
mailto:asadullahsial786@gmail.com
mailto:Shahzebiqbal749@gmail.com


Liberal Journal of Language & Literature Review 
Print ISSN: 3006-5887 

Online ISSN: 3006-5895 
 

 3592 

 

 

 

 

 DOI: http://doi.org/    
 

 

 

 

The convergence of Generative Artificial Intelligence (GenAI) and Multimodal Learning Analytics 
(MMLA) represents a transformative paradigm shift in higher education, enabling personalized 
adaptive learning and early prediction of academic failure. This review paper provides a 
comprehensive synthesis of GenAI-powered adaptive learning frameworks integrated with MMLA and 
Early Warning Systems (EWS), specifically contextualized within the socio-technical realities of 
Pakistani higher education institutions. The paper examines the paradigmatic evolution from rule-
based Intelligent Tutoring Systems to dynamic, context-aware generative architectures that synthesize 
hyper-personalized content and simulate interactive tutoring dialogues in real-time. It systematically 
analyzes MMLA data fusion methodologies early, late, and semantic fusion that aggregate 
heterogeneous data streams including LMS clickstreams, textual discourse, and behavioral 
engagement metrics to construct comprehensive student learning profiles. The review evaluates 
machine learning algorithms and Explainable AI frameworks, particularly SHAP-based 
interpretability, for predicting academic failure risk with demonstrated classification accuracy 
reaching 84.5% and ROC-AUC values exceeding 0.902. Critically, the paper examines the 
structural realities of Pakistani universities under Higher Education Commission (HEC) governance, 
identifying infrastructural deficiencies, digital divides, and faculty literacy gaps as significant 
implementation barriers. The analysis engages with Pakistan's emerging regulatory frameworks, 
including the National AI Policy 2025 and HEC Draft Framework on Ethical Generative AI, 
highlighting the academic integrity paradox posed by AI detection tools' documented biases against 
non-native English writers. The paper proposes a six-stage Pakistan AI Education Translation 
Framework addressing infrastructure stabilization, data privacy, teacher readiness, curriculum 
redesign, assessment reform, and evidence-based scaling. This review contributes both theoretical 
insights and practical implementation guidance for integrating GenAI and MMLA in resource-
constrained higher education contexts. 

Keywords: Generative Artificial Intelligence, Multimodal Learning Analytics, Early Warning Systems, Adaptive 
Learning, Academic Failure Prediction, Pakistani Higher Education, Explainable AI, Educational Policy 
 
1. INTRODUCTION 
The higher education sector globally is undergoing a structural paradigm shift driven by the convergence of 
advanced artificial intelligence (AI), granular learning analytics, and adaptive pedagogical frameworks. 
Higher Education Institutions (HEIs) are increasingly moving away from standardized, "one-size-fits-all" 
instructional models toward dynamic, learner-centric environments (Moravec, 2008). Central to this 
evolution is the transition from conventional automated systems to Generative Artificial Intelligence 
(GenAI), which leverages Large Language Models (LLMs), Generative Adversarial Networks (GANs), and 
transformer-based architectures to synthesize hyper-personalized content, simulate interactive tutoring 
dialogues, and dynamically adjust learning pathways in real time (Kasneci et al., 2023). 
In parallel, the field of Learning Analytics (LA) has evolved into Multimodal Learning Analytics (MMLA). 
Traditional LA relied primarily on unidimensional clickstream logs extracted from Learning Management 
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Systems (LMS) such as Moodle or Canvas. In contrast, MMLA captures, integrates, and analyzes 
heterogeneous data streams encompassing digital trace logs, textual discussion discourse, audio-visual 
engagement metrics, and behavioral artifacts to construct a comprehensive, multi-perspective digital profile 
of student learning behaviors (Mu et al., 2020). When harnessed effectively, MMLA feeds directly into 
Predictive Learning Analytics (PLA) and Early Warning Systems (EWS), enabling institutions to identify at-
risk students during the early stages of an academic term and deploy targeted, evidence-based interventions 
before academic failure or institutional dropout occurs (Dai et al., 2025). 
For developing nations such as Pakistan, the integration of GenAI-powered adaptive learning and MMLA 
presents a dual reality of transformative opportunities and severe socio-technical constraints. Pakistani 
universities operate under the regulatory oversight of the Higher Education Commission (HEC), which has 
institutionalized Quality Enhancement Cells (QECs) to monitor academic standards and Course Learning 
Outcomes (CLOs) (Ansaree & Uddin, 2026). However, the higher education landscape in Pakistan remains 
marked by systemic challenges, including a profound digital divide, infrastructural deficiencies, low internet 
penetration in peripheral provinces, faculty digital literacy gaps, and evolving national regulatory guidelines 
regarding ethical AI usage (Jamil & Muschert, 2023). 
This review article provides a comprehensive synthesis of the intersection between Generative AI, 
Multimodal Learning Analytics, and Early Warning Systems for predicting academic failure, specifically 
contextualized within Pakistani higher education. It examines the technological architecture of GenAI and 
MMLA, formulates the data fusion methodologies required for predictive accuracy, analyzes the structural 
and infrastructural realities of Pakistani universities, and critically evaluates the regulatory frameworks 
issued by the HEC and national policy bodies (Rodríguez-Ortiz et al., 2025). 
 

 
Figure 1: Multifaceted Impact Framework of Real-Time AI Feedback on Personalized Student Learning 

and Retention Trajectories 
 
2. Paradigmatic Evolution: From Traditional AI to Generative AI in Adaptive Learning 
2.1 The Evolution of Intelligent Tutoring Systems 
The trajectory of educational technology over the past three decades exhibits a foundational evolution from 
rigid, rule-based Intelligent Tutoring Systems (ITS) to fluid, generative adaptive systems. Traditional ITS 
operated on predefined cognitive tutors, decision trees, and rule-based algorithms designed to route 
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students through static content branches based on explicit correctness metrics (Cuban & Jandrić , 2015). 
While these legacy systems provided structured practice environments, they suffered from acute domain 
rigidity, high authoring costs, and an inability to accommodate complex, unstructured learner queries or 
novel conceptual misunderstandings (Vygotsky, 1978). 
The advent of Generative AI, particularly transformer-based Large Language Models, has fundamentalized a 
shift toward dynamic, context-aware adaptive learning environments. GenAI tools do not merely retrieve 
pre-written pedagogical responses; they dynamically generate contextually tailored instructional materials, 
multi-step problem-solving hints, conversational explanations, and formative assessments calibrated to a 
student's immediate zone of proximal development (Chowdhury et al., 2025). Rather than following rigid 
branching logic, generative adaptive systems continuous process multimodal learner signals, orchestrating 
real-time prompt engineering and dynamic pedagogical synthesis to alleviate cognitive friction during 
learning activities (Sajja et al., 2024). 
 
2.2 Transition from Education 4.0 to Education 5.0 
This technological shift mirrors the conceptual movement from Education 4.0 to Education 5.0. While 
Education 4.0 prioritized the integration of cyber-physical systems, automation, and basic digital platforms 
into higher education, Education 5.0 re-centers human agency, social-emotional learning, and human-AI 
collaboration (Adel, 2024). Within Education 5.0, Generative AI functions not as a replacement for human 
educators, but as an empathetic, infinite-capacity cognitive assistant that offloads administrative and 
diagnostic tasks from faculty, allowing instructors to focus on high-order mentoring, socio-emotional 
support, and critical discourse (Laak & Aru, 2024). 
In the context of adaptive learning, GenAI models analyze student interaction histories to adapt content 
delivery across multiple vectors: 
• Linguistic Calibration: Rephrasing complex scientific definitions into simplified, analogy-driven 
language based on the student's demonstrated reading comprehension level (Yan et al., 2025). 
• Modality Adaptation: Generating multimodal learning objects converting raw conceptual text into 
structured python code snippets, visual mind maps, or dynamic conversational dialogues (Yeganeh et al., 
2025). 
• Real-time Formative Feedback: Providing immediate, non-judgmental guidance on open-ended student 
submissions, identifying specific conceptual misconceptions, and suggesting remedial practice problems 
prior to summative evaluation (Abar et al., 2025). 
 
Table 1: Comparative Analysis of Conventional AI and Generative AI Frameworks in Higher Education 

Dimension Conventional AI Systems 
(ITS / Legacy Analytics) 

Generative AI Frameworks 
(LLMs / Multi-view 
Adaptive AI) 

Pedagogical Impact on 
Learner Autonomy 

Content 
Generation 

Static, pre-authored item 
banks and fixed multiple-
choice questions. 

Real-time, dynamic synthesis 
of custom prompts, textual 
explanations, and code 
examples. 

Enables unbounded 
exploration and 
personalized domain 
depth. 

Interaction 
Model 

Deterministic, branching 
logic based on simple 
correct/incorrect inputs. 

Natural language, multi-turn 
conversational dialogue 
simulating expert human 
tutors. 

Fosters cognitive 
reflection and 
conversational self-
regulated learning. 

Data 
Utilization 

Unimodal log evaluation 
(e.g., test scores, page 

Multimodal data fusion 
(text, clickstream, sentiment, 

Constructs dynamic, 
multi-dimensional 
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views, completion flags). discourse depth). student profiles. 

Adaptability 
Speed 

Batch updating of rules; 
static pathway selection per 
session. 

Instantaneous, token-by-
token contextual adaptation 
during live interaction. 

Minimizes immediate 
cognitive frustration and 
prevents learning 
dropouts. 

Assessment 
Style 

Summative quizzes, 
standardized diagnostic 
tests. 

Continuous formative 
feedback, process portfolio 
auditing, dynamic oral 
questioning. 

Shifts focus from rote 
memorization to high-
order critical synthesis. 

 
3. Multimodal Learning Analytics (MMLA) and Data Fusion Frameworks 
3.1 Heterogeneous Data Ingestion in Higher Education 
While Generative AI provides the instructional engine for personalized learning, Multimodal Learning 
Analytics (MMLA) serves as the diagnostic sensor network. Traditional learning analytics relied heavily on 
static, low-frequency indicators such as Grade Point Averages (GPA), mid-term exam marks, or basic login 
frequencies. MMLA expands this analytical boundary by capturing high-frequency, fine-grained digital traces 
across physical and digital learning environments (Chango et al., 2022). 
In a modern university setting, MMLA constructs a holistic digital student profile by aggregating data across 
four core modalities: 
• Academic History and Demographics: Cumulative GPA, course enrollment loads, pre-university 
qualification tiers, and scholarship statuses. 
• Behavioral LMS Clickstream Traces: Video view durations, pause/rewind frequencies, assignment 
download/upload timestamps, forum thread navigation, and quiz submission delays (Martin et al., 2013). 
• Textual and Social Discourse Artifacts: Natural language processing (NLP) metrics derived from 
discussion forum posts, peer collaboration messages, assignment essay submissions, and chat interactions 
with AI tutors. 
• Physiological and Environmental Indicators: Gaze tracking, facial expression sentiment analysis during 
synchronous online sessions, and voice hesitation indicators in recorded audio submissions (Dowell & 
Kovanovic, 2022). 
 
3.2 Mathematical Taxonomy of Data Fusion Architectures 
A central methodological challenge in MMLA is data fusion the algorithmic integration of multisource data 
streams that differ significantly in temporal resolution, semantic structure, and sampling frequencies. In 
educational data mining, fusion approaches are broadly classified into three architectural paradigms (Mu et 
al., 2020): 
 
Early Fusion (Feature-Level Integration) 
Early fusion concatenates raw or pre-processed feature vectors from disparate modalities into a unified, high-
dimensional representation vector prior to model training. Given 𝑀 different modalities, where 𝐱(𝑚) ∈
ℝ𝑑𝑚  represents the feature vector extracted from modality 𝑚 , the early fusion representation 𝐗early  is 
defined as: 

𝐗early = [𝐱(1) ∥ 𝐱(2) ∥ ⋯ ∥ 𝐱(𝑀)] ∈ ℝ∑ 𝑑𝑚
𝑀
𝑚=1  

Where ∥ denotes vector concatenation. While early fusion enables machine learning models to learn cross-
modal feature interactions at the input layer, it is vulnerable to the curse of dimensionality and degrades 
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when specific data streams (e.g., video interaction logs) are missing for certain students (Ramachandram & 
Taylor, 2017). 
 
Late Fusion (Decision-Level Integration) 
Late fusion processes each modality independently through specialized base classifiers, generating modality-
specific prediction probabilities. These probability outputs are subsequently aggregated using meta-classifiers 
or ensemble decision rules such as weighted soft voting or stacking. The final fused class probability 𝑦̂ for a 
target outcome (e.g., academic failure risk) is computed as (Nakach et al., 2024): 

𝑦̂ = ∑ 𝑤𝑚

𝑀

𝑚=1

⋅ 𝑓𝑚(𝐱
(𝑚)),  subject to ∑ 𝑤𝑚

𝑀

𝑚=1

= 1 

Where 𝑓𝑚(𝐱
(𝑚))  denotes the output prediction of the base model trained on modality 𝑚 , and 𝑤𝑚 

represents the learned weight assigned to that modality. Late fusion offers high modularity and robustness 
against missing modality streams, though it inherently forfeits the ability to capture low-level correlation 
dynamics across different data types (Khatun et al., 2025). 
 
High-Level / Semantic Fusion 
High-level fusion extracts abstract semantic representations from raw multimodal inputs before merging 
them in an intermediate latent space. For instance, Large Multimodal Models (LMMs) and pre-trained 
transformers process textual discourse from discussion boards to generate dense contextual embeddings 
𝐡text ∈ ℝℎ , which are then fused with temporal sequence vectors 𝐡LMS  derived from Long Short-Term 
Memory (LSTM) networks processing clickstreams (Li,  & Tang, 2026). Empirical evaluation demonstrates 
that integrating multisource multimodal data through structured fusion architectures increases early 
academic risk prediction accuracy by 8% to 12% over unimodal baseline models (Devlin et al., 2019). 
 
4. Early Warning Systems (EWS) and Predictive Modeling of Academic Failure 
4.1 Temporal Horizons and Early Intervention Milestones 
Predictive Learning Analytics (PLA) platforms leverage MMLA data to power Early Warning Systems (EWS). 
The primary objective of an EWS is not merely academic forecasting, but the actionable identification of 
struggling students within crucial temporal windows during an academic semester (Jain et al., 2023) 
In standard 16-week university semesters, early prediction models are calibrated across distinct operational 
checkpoints. During Weeks 1 through 3, models establish baseline diagnostics by evaluating static 
demographic variables, pre-university academic performance, and initial platform onboarding behaviors. 
The primary early warning window opens between Weeks 4 and 6, where predictive models capture 
continuous behavioral shifts, assignment submission delays, quiz score volatility, and drop-offs in video 
lecture completion rates (Kubatka et al., 2026). Week 8 represents the mid-term critical assessment node, 
where mid-term examination marks are combined with multimodal forum discourse sentiment and project 
collaboration metrics. Predictions constructed beyond Week 8, while statistically precise, lose actionable 
utility, as students who have disengaged for over half a semester rarely possess sufficient academic runway to 
alter their grade trajectories (Lee & Chung, 2019). 
 
4.2 Machine Learning Algorithms and Performance Benchmarks 
To classify students into academic risk categories (e.g., At-Risk / Academic Failure vs. Satisfactory / High 
Performing), a spectrum of machine learning algorithms is deployed. Standard binary classification 
formulates the risk probability 𝑃(𝑌𝑖 = 1 ∣ 𝐗𝑖)  as a function of the student's fused feature matrix 𝐗𝑖 
(Jayaprakash et al., 2014): 
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𝑃(𝑌𝑖 = 1 ∣ 𝐗𝑖) =
1

1 + 𝑒−(𝛽0+𝐖
𝑇𝐗𝑖)

 

While Logistic Regression provides linear baseline interpretable predictions, advanced ensemble techniques 
such as Random Forests, Gradient Boosting Machines (XGBoost, LightGBM), and Deep Neural Networks 
consistently yield superior predictive metrics (Breiman, 2001). Empirical studies evaluating multi-source 
multimodal student datasets report binary classification accuracy reaching 84.5%, with Area Under the 
Receiver Operating Characteristic Curve (ROC-AUC) values exceeding 0.902 and F1-scores reaching 0.746 
to 0.871 (Chen & Guestrin, 2016). 
 
4.3 Explainable AI (XAI) and Interpretability via SHAP Values 
A major hurdle in adopting predictive analytics in higher education is the "black-box" nature of complex 
machine learning algorithms, which can alienate educators and create ethical resistance (Khatun et al., 
2025). To establish trust, modern EWS architectures incorporate Explainable AI (XAI) frameworks, 
predominantly using SHapley Additive exPlanations (SHAP) grounded in cooperative game theory (Salloum, 
2024). 
The SHAP value 𝜙𝑖(𝑣) quantifies the marginal contribution of a specific behavioral or academic feature 𝑖 
to the final predicted risk score of an individual student: 

𝜙𝑖(𝑣) = ∑
|𝑆|! (|𝑁| − |𝑆| − 1)!

|𝑁|!
𝑆⊆𝑁∖{𝑖}

[𝑣(𝑆 ∪ {𝑖}) − 𝑣(𝑆)] 

Where 𝑁 is the set of all input features, 𝑆 is a subset of features excluding feature 𝑖, and 𝑣(𝑆) is the model 
output prediction trained on feature subset 𝑆 (Sun et al.,2026). SHAP feature importance ranking reveals 
that assignment submission delinquency, forum interaction decay, quiz score variance, and BERT-derived 
negative sentiment in discussion boards serve as the strongest predictors of academic failure. Through 
SHAP-driven dashboards, academic advisors receive not only a risk label (e.g., "85% Risk of Course Failure"), 
but a breakdown of contributing factors, enabling targeted, empathetic interventions (Lundberg & Lee, 
2017). 
 
Table 2: Key Predictors, Data Fusion Approaches, and Model Performance Benchmarks in Early 
Warning Systems 

Predictive 
Metric / Model 

Baseline 
Unimodal 
(Clickstream 
Only) 

Feature-Level 
Fusion (Early 
Fusion) 

Decision-Level 
Fusion 
(Ensemble 
Stacked) 

Semantic Multi-
view (BERT + 
MMLA) 

Primary Data 
Sources 

LMS login logs, 
page views. 

Clickstreams + 
Assignment 
timestamps + Quiz 
scores. 

LMS logs + Quiz 
scores + Forum 
frequency. 

Multimodal logs + 
Forum sentiment 
text + Video gaze. 

Classification 
Accuracy 

72.0% – 75.5%. 78.2% – 81.0%. 82.5% – 84.5%. 85.0% – 88.2%. 

ROC-AUC 
Score 

0.740 – 0.780. 0.820 – 0.850. 0.860 – 0.902. 0.910 – 0.945. 

F1-Score 0.650 – 0.690. 0.710 – 0.740. 0.746 – 0.790. 0.810 – 0.850. 
Explainability 
(XAI) 

Low (Raw 
frequencies). 

Moderate (Feature 
coefficients). 

High (SHAP 
summary plots). 

Very High (SHAP + 
Natural language 
rationales). 
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5. Structural Realities and Institutional Infrastructure in Pakistani Higher Education 
5.1 The Pakistani Higher Education Governance Ecosystem 
To evaluate the feasibility of deploying GenAI and MMLA frameworks in Pakistan, one must analyze the 
institutional ecosystem governed by the Higher Education Commission (HEC). Established to oversee 
degree-awarding institutions across the country, the HEC has institutionalized Quality Enhancement Cells 
(QECs) across public and private sector universities. QECs are mandated to track institutional compliance, 
review Student Learning Outcomes (SLOs) and Program Learning Outcomes (PLOs), and ensure 
continuous quality improvement (Rafiq-uz-Zaman, 2025). 
In recent years, QEC workflows have increasingly integrated with university Learning Management Systems 
(e.g., Moodle) to track assignment maps, course outcomes, and grading distributions automatically. However, 
across a significant proportion of public sector HEIs, QEC processes remain administrative and document-
heavy, focusing on periodic compliance audits rather than real-time data-driven interventions (Iqbal et al., 
2026). 
The structural flow of institutional oversight moves from national HEC guidelines down to campus QECs, 
which interact with university LMS platforms. In ideal implementations, the LMS feeds raw interaction 
streams directly into advanced MMLA and GenAI pipelines. In practice, this analytical pipeline is 
frequently interrupted by infrastructural bottlenecks, manual data entry practices, and fragmented digital 
record-keeping within public institutions (Hoodbhoy, 2021). 
 
6. Policy Governance, Regulatory Frameworks, and Ethical AI Adoption in Pakistan 
6.1 HEC Draft Framework on Generative AI and National AI Policy 
Recognizing the rapid penetration of GenAI tools among students, the Higher Education Commission of 
Pakistan, alongside the Ministry of Information Technology and Telecommunication (MoITT), has initiated 
policy responses. These include the National Artificial Intelligence Policy 2025, the Digital Nation Pakistan 
Act 2025, and the HEC Draft Framework on Ethical Generative AI Use in Higher Education Institutions 
(Rafiq-uz-Zaman, 2025). 
The HEC policy mandates a compulsory 3-credit hour AI course across all undergraduate and postgraduate 
degree programs nationwide starting in Fall 2026. This structural policy intervention aims to build baseline 
digital literacy and technical capabilities across the higher education pipeline (Mamoon, 2026). 
 
6.2 The Academic Integrity Paradox: AI Detection vs. Assessment Redesign 
A core element of the HEC's AI governance draft is its policy stance on academic integrity. The HEC 
framework establishes strict boundaries: 
1. Authorship Exclusion: Generative AI tools cannot be listed as authors or co-authors on research papers, 
theses, or academic assignments. 
2. Permitted Scope: AI usage is restricted to language polishing, grammar correction, and preliminary 
literature exploration; it is strictly prohibited from replacing primary data collection, original analysis, or 
synthesis (Ganjavi et al., 2023). 
3. Mandatory Disclosure: Students and researchers must include explicit declaration statements detailing 
which AI tools were used and for what specific purposes. 
4. Plagiarism and AI Similarity Thresholds: The policy mandates a strict 0% tolerance for uncredited AI-
generated content in submitted research work, alongside traditional Turnitin similarity limits (19%) (Kern 
et al., 2021). 
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Analytical Critique of Policy Enforceability 
This regulatory stance exposes a fundamental socio-technical contradiction. Automated AI detection tools 
(such as Turnitin's AI writing indicator) suffer from high false-positive rates and documented linguistic 
biases against non-native English speakers a demographic that encompasses the vast majority of Pakistani 
university students (Boonsuk, 2026). Recognizing this technical limitation, the HEC policy explicitly 
acknowledges that no student or researcher may be penalized solely on the basis of an automated AI 
detection score (Liang et al., 2023). 
This creates an institutional enforcement deadlock: supervisors are tasked with acting as compliance officers 
against uncredited AI usage, yet lack reliable, legally defensible technical tools to verify violations. To resolve 
this paradox, educational experts and policy analysts advocate for a fundamental redesign of academic 
assessment models (Roe & Perkins, 2024): 
• Separation of Learning from Grading: Take-home assignments and literature summaries are shifted to 
formative practice, where GenAI usage is openly permitted as a cognitive scaffold with minimal summative 
grade weight attached (Tsao, 2025). 
• Process-Oriented Assessment: Grading criteria pivot to invigilated settings, supervised writing 
laboratories, process portfolios documenting draft histories, and mandatory oral defenses (vivas). A five-
minute oral defense requires students to defend their methodology and conceptual synthesis, quickly 
distinguishing learners who used AI to deepen their understanding from those who used it to bypass critical 
thought (Munjita & Kasimba, 2026). 
 
Table 3: Alignment Matrix Between HEC AI Policy Directives, Technical Realities, and Pedagogical 
Solutions 

Policy Directive / 
Regulatory Area 

HEC Draft AI 
Guidelines Mandate 

Technical Realities in 
HEIs 

Recommended 
Pedagogical / Operational 
Resolution 

AI Content 
Limits 

0% uncredited AI 
content threshold in 
Turnitin reports. 

High false-positive rates; 
linguistic bias against 
non-native writers. 

Prohibit disciplinary action 
based solely on software 
detector scores. 

AI Disclosure & 
Transparency 

Mandatory written 
declaration specifying 
tools used and purpose. 

Unenforceable through 
automated means; relies 
on student self-reporting. 

Normalize process 
portfolios and continuous 
version tracking in LMS. 

Summative 
Assessment 

Traditional take-home 
essays and literature 
reviews. 

High vulnerability to 
automated end-to-end 
text generation. 

Implement mandatory oral 
vivas, short defenses, and 
supervised writing labs. 

Curriculum 
Integration 

Compulsory 3-credit 
hour AI course 
nationwide by Fall 2026. 

Uneven faculty expertise 
and lack of standardized 
lab infrastructure. 

Establish centralized open-
source compute hubs and 
faculty upskilling programs. 

Quality 
Assurance (QEC) 

Manual documentation 
of course learning 
outcome compliance. 

High administrative 
burden on faculty; 
delayed outcome 
evaluation. 

Automate QEC outcome 
mapping via Moodle LMS 
data streams. 

 
7. Strategic Implementation Roadmap: The Pakistan AI Education Translation Framework 
To successfully bridge the gap between advanced GenAI/MMLA technologies and the operational realities 
of Pakistani universities, institutional adoption must follow a structured, equity-first framework. The 
Pakistan AI Education Translation Framework provides a six-stage implementation roadmap tailored to 
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developing socio-technical ecosystems (Gomaa, 2025): 
 
Stage 1: Access and Infrastructure Stabilization 
Prior to deploying resource-intensive deep learning models, universities must optimize their technological 
baseline. Public HEIs should implement hybrid edge-computing architectures that cache learning 
management system interactions locally. MMLA pipelines must be designed for asynchronous data 
ingestion, allowing learning traces generated during offline broadband disruptions in remote regions (e.g., 
Balochistan, KP) to sync seamlessly once connectivity is restored, ensuring uninterrupted predictive analytics 
(Devan, 2025). 
 
Stage 2: Data Safety and Privacy Governance 
The harvesting of multimodal student data encompassing natural language forum text, video participation 
traces, and academic history raises ethical concerns regarding data privacy, surveillance, and consent. 
Implementation strategies must strictly align with the Personal Data Protection Bill and national AI privacy 
standards. All student profiles feeding into early prediction models must be anonymized, encrypted at rest 
and in transit, and restricted to authorized academic advisors and QEC administrators (Prinsloo & Slade, 
2016). 
 
Stage 3: Teacher Readiness and Capacity Building 
The successful translation of early warning alerts into actual student retention depends on faculty 
intervention capability. Universities must transition faculty from passive technology adopters into AI-literate 
academic mentors. Professional development initiatives must focus on interpreting SHAP-driven EWS 
dashboards, executing pedagogical counseling, and leveraging GenAI as an instructional co-pilot rather than 
fearing it as an adversary (Cuseo, 2006) 
 
Stage 4: Contextualized Curriculum Redesign 
GenAI integration must overcome linguistic and cultural alienation. Large Language Models deployed in 
Pakistani universities should incorporate local language capabilities (Urdu and regional languages) alongside 
English to support bilingual learning contexts. Curricula must shift away from rote recall toward Problem-
Based Learning (PBL) frameworks, where GenAI tools serve as conversational partners in complex problem-
solving scenarios (Majeed et al., 2024). 
 
 Stage 5: Assessment Integrity Reform 
Institutions must formally restructure assessment policies to align with HEC recommendations. Direct 
grade allocation for unmonitored take-home text generation should be minimized. Assessment regimes 
must prioritize process portfolios, continuous draft tracking on LMS platforms, in-class laboratory 
demonstrations, and mandatory viva voce defenses (Sial et al., 2026). 
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Figure 2: Architecture of a Generative AI-Enhanced Educational Ecosystem Integrating LLM Core, 

Student Engagement Interface, and Teacher Control Dashboards 
 
Stage 6: Evidence-Based Institutional Scaling 
Deployment should commence through controlled pilot programs within tier-one urban universities before 
scaling across regional public institutions. QECs should directly integrate MMLA early-warning metrics into 
their annual institutional performance scorecards, using predictive risk trends to evaluate program 
effectiveness and allocate targeted academic support resources (Hunter et al., 2019). 
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