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I. INTRODUCTION 
A. Background and Motivation 

Artificial intelligence (AI) is reshaping higher education worldwide, moving from experimental pilots 
to mainstream pedagogical practice. Generative AI assistants, intelligent tutoring systems (ITS), natural-
language-processing (NLP) feedback tools, and learning-analytics platforms now support personalized 

ABSTRACT 
Artificial intelligence (AI) is transforming higher education, yet 
adoption in developing countries such as Pakistan remains 
constrained by limited empirical evidence, unequal access, and a 
lack of context-specific implementation frameworks. Existing 
Pakistani studies rely largely on self-reported perceptions from 
single urban regions, treat diverse AI tools as one category, and 
provide generalized recommendations without quantifiable impact 
analysis. This study proposes a data-driven, multi-region, twelve-
month longitudinal evaluation of AI-enhanced learning across 
public and private universities in Punjab, Sindh, Khyber 
Pakhtunkhwa, Balochistan, and Islamabad Capital Territory. 
Using stratified random sampling, it distinguishes four tool 
classes: generative AI assistants, intelligent tutoring systems, 
NLP-based feedback tools, and predictive analytics platforms. 
Actual usage logs will be correlated with objective outcomes, 
including grade point averages, assessment scores, course 
completion rates, and retention metrics. The study will also 
examine disparities by gender, socioeconomic status, urban-rural 
location, and discipline, while evaluating risks of algorithmic bias, 
privacy breaches, and exclusion. Findings will inform a 
sustainable adoption framework comprising a cost-effective 
institutional implementation model, a tiered teacher-training 
roadmap, and a privacy- and ethics-compliant governance 
protocol aligned with Pakistan’s regulatory context. The study 
offers two contributions: a quantified, tool-specific evidence base 
on AI’s differential effects on teaching and learning, and a 
practical framework for policymakers and university leaders to 
scale AI integration equitably and sustainably. By connecting 
verified usage patterns with measurable outcomes across diverse 
institutions, the research moves beyond perception-based 
advocacy toward accountable, evidence-driven adoption in 
resource-constrained higher education systems while supporting 
accountability, educational quality, and inclusive digital 
transformation nationwide. 
Keywords: AI in Education, Learning Analytics, Equity in 
Education, Sustainable Adoption Framework, Developing-
Country Higher Education, Pakistan. 
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instruction, automated assessment, predictive student support, and administrative efficiency [1], [3]. Adoption 
has accelerated rapidly since 2022, and institutions in North America, Europe, and East Asia report measurable 
gains in student engagement, retention, and learning outcomes [4], [5]. For developing countries, AI-enabled 
education is often framed as a leapfrog technology one that could offset shortages of qualified instructors, 
limited infrastructure, and uneven access to quality learning resources [6], [7]. 

Pakistan, with a higher-education enrollment exceeding five million students across more than 240 
degree-awarding institutions, presents both substantial opportunity and acute challenge [23], [41]. The country 
faces a persistent shortage of faculty, wide quality gaps between public and private institutions, pronounced 
urban-rural divides, and limited funding for digital infrastructure [9], [10]. Against this backdrop, 
policymakers and university administrations promote AI-enhanced learning as a means to expand access, 
improve teaching quality, and align graduate skills with labor-market demands [11]. Yet the evidence 
supporting these aspirations in the Pakistani context remains thin and, above all, largely qualitative. 

A recent study on AI adoption in Pakistani higher education has established that stakeholders students, 
instructors, and administrators perceive AI tools as beneficial and are willing to adopt them [28]. A 
representative survey in the Islamabad region, for instance, reports positive attitudes toward AI-mediated 
teaching and identifies infrastructure, training, and privacy awareness as the primary barriers [28]. Although 
valuable as a baseline, this evidence has several interconnected limitations, which leave a significant research 
gap unfilled. 

First, existing work is predominantly perception-based. It captures what stakeholders believe about the 
impact of AI rather than measuring what AI actually does to learning outcomes. To the best of our knowledge, 
no study in the Pakistani context has systematically correlated objective academic metrics grade point averages 
GPA), assessment scores, course completion rates, and retention with verifiable AI-usage logs. Claims of 
improved performance therefore remain unvalidated by empirical data. Second, the literature treats "AI" as a 
monolithic category [42], [43]. Generative AI assistants, adaptive tutoring systems, NLP feedback tools, and 
predictive analytics platforms differ fundamentally in mechanism, use case, and effect. Aggregating them 
obscures tool-specific trade-offs and prevents institutions from making targeted investment decisions. A 
disaggregated, taxonomy-driven evaluation is currently absent. Third, sampling is narrow and non-
representative. Prior surveys rely on convenience samples from a single city predominantly Islamabad and 
capture only a cross-sectional snapshot. Rural and peri-urban institutions, smaller provinces, and the public 
private divide are underrepresented, and no longitudinal study has tracked how AI effects evolve over an 
academic cycle [3], [44]. 

Fourth, equity dimensions are acknowledged but not analyzed. Digital-divide concerns are mentioned, 
yet no study disaggregates outcomes by gender, socioeconomic status, geography, or academic discipline, or 
examines algorithmic bias and exclusion risks in practice. This omission matters: without equity stratification, 
AI interventions may widen rather than narrow existing disparities. Fifth, recommendations remain generic. 
Existing studies call for "more training" and "better policy" without specifying what training, which 
competencies, at what cost, or under which governance structures. A context-adapted, costed, and 
implementable adoption framework for Pakistani higher education does not yet exist [5], [46]. 

These gaps are not merely academic. In a resource-constrained setting, misdirected AI investment 
guided by perception rather than evidence can divert scarce funds from proven interventions and exacerbate 
inequity. There is, therefore, a pressing need for an empirical, tool-specific, equity-aware, and framework-
oriented study grounded in multi-region Pakistani data. 

This study is guided by four research questions. (RQ1) What is the quantifiable impact of AI-tool 
usage on objective learning outcomes (GPA, assessment performance, completion, and retention) in Pakistani 
higher education? (RQ2) How do impacts vary across distinct AI tool categories generative AI, intelligent 
tutoring, NLP feedback, and predictive analytics? (RQ3) How do AI access, usage, and outcomes differ across 
gender, socioeconomic status, urban-rural location, institution type (public/private), and academic discipline? 
(RQ4) What cost-effective, context-adapted adoption framework encompassing institutional implementation, 
teacher training, and ethics/governance—can sustainably scale AI-enhanced learning in Pakistan? 
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This paper makes five contributions. First, we provide, to the best of our knowledge, the first multi-
region study in Pakistan that correlates objective learning-outcome data with verified AI-usage logs, moving 
beyond self-reported perceptions. Second, we disaggregate AI tools into four functional categories and 
quantify their differential impacts, which enables targeted institutional investment. Third, we analyze 
disparities across gender, socioeconomic, geographic, institutional, and disciplinary dimensions, and we 
assess the associated bias and exclusion risks. Fourth, we develop a context-adapted, costed implementation 
framework comprising an institutional deployment model, a tiered teacher-training roadmap, and a privacy- 
and ethics-compliant governance protocol. Fifth, a twelve-month longitudinal design captures temporal 
dynamics that prior cross-sectional work could not. 

The remainder of this paper is organized as follows. Section II reviews related work on AI in education, 
with emphasis on developing-country and Pakistani contexts. Section III presents the research methodology, 
including sampling design, data collection instruments, and analytical approach. Section IV reports 
quantitative and qualitative findings. Section V discusses implications for equity and policy. Section VI 
introduces the proposed sustainable adoption framework. Section VII addresses limitations and future work, 
and Section VIII concludes the paper. 
 

II. RELATED WORK 
The integration of AI into teaching and learning has produced a substantial and rapidly growing body 

of scholarship. Systematic reviews indicate that AI applications in higher education span intelligent tutoring, 
adaptive assessment, learning analytics, predictive modeling, and automated feedback. Studies consistently 
report positive effects on engagement and, under certain conditions, on learning performance [1], [2]. Roll 
and Wylie [3] trace two decades of development in the field and note a shift from standalone intelligent 
tutoring systems toward data-driven, learner-centered ecosystems. Woolf [24], [47], [48] outlines a roadmap 
for AI in education that emphasizes personalization at scale, while Holmes, Bialik, and Fadel [2] argue that 
the most durable contribution of AI lies in augmenting, rather than replacing, human instruction. 

Empirical evidence from well-resourced settings supports these claims. Meta-analytic comparisons 
show that intelligent tutoring systems can approach the effectiveness of human tutoring and consistently 
outperform conventional classroom instruction on standardized outcomes [4], [49], [50]. Long deployments 
of cognitive tutors in real school settings demonstrate measurable learning gains when tools are aligned with 
curricula and teacher practice [7], [26]. More recently, deep-knowledge-tracing models have enabled fine-
grained modeling of student mastery, which lays the technical foundation for adaptive pathways at institutional 
scale [6]. Learning analitics and educational data mining, as parallel research strands, have matured into 
established disciplines with standardized methods for predicting retention, identifying at-risk students, and 
informing intervention [17], [19], [52]. 

Despite this progress, critics caution that the evidence base is geographically and methodologically 
skewed. Williamson and Eynon [8] observe that AI-in-education research remains concentrated in high-
income contexts and often under-theorizes power, governance, and institutional politics. Selwyn [9] similarly 
warns that technology-centric narratives frequently outpace rigorous evidence of impact, particularly in 
resource-constrained systems. International policy bodies acknowledge both promise and risk: UNESCO [10], 
[11] and the OECD [12], [51] emphasize that AI adoption should be guided by equity, human oversight, and 
context-appropriate evidence rather than by technology supply alone. 

A recurring limitation of the literature is its tendency to treat "AI" as a single, undifferentiated 
intervention. In practice, distinct tool classes operate through different mechanisms and produce different 
effects. Intelligent tutoring systems grounded in knowledge tracing [5] and cognitive-modeling architectures 
[26], [52] have demonstrated robust effects on procedural skill acquisition in mathematics and the sciences 
[4], [7]. Dialogue-based tutors such as AutoTutor extend these gains to conceptual learning through natural-
language interaction [27]. Learning analytics and predictive systems, by contrast, operate mainly at the 
institutional level, targeting retention and early warning rather than moment-by-moment instruction [17], [19]. 
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NLP-based feedback tools occupy an intermediate position, supporting writing development and formative 
assessment at scale [54], [55]. 

The emergence of generative AI and large language models since 2022 has further fragmented the tool 
landscape. Kasneci et al. [13] identify substantial potential personalized tutoring, automated feedback, 
curriculum support alongside serious risks, including accuracy limitations, over-reliance, and academic-
integrity challenges. Rudolph, Tan, and Tan [14] argue that generative AI fundamentally disrupts traditional 
assessment models in higher education. Tilii et al. [15] document early adoption patterns and note that benefits 
and harms are unevenly distributed across learner groups. The scoping review by Crompton and Burke [16] 
confirms rapid, heterogeneous uptake but finds rigorous, outcome-focused empirical studies scarce. No 
established framework disaggregates these tool classes and compares their differential impacts within a single 
multi-region study a gap that the present work addresses. 

Equity concerns have accompanied educational technology since its earliest deployments. Research 
on the digital divide shows that access gaps have evolved into usage and skill gaps. Providing devices and 
connectivity does not by itself ensure equitable benefit, and second-level divides in digital competence can 
amplify existing inequalities [20]. In AI-enhanced learning, algorithmic bias, data-driven profiling, and the 
possibility that predictive systems systematically disadvantage already marginalized learners compound these 
risks [21], [53]. In a policy guide for the European Commission, Holmes and Tuomi [21] stress that ethical 
AI in education requires transparency, accountability, learner agency, and explicit governance structures 
dimensions frequently absent from adoption initiatives. UNESCO's guidance on generative AI [11] similarly 
warns that, without protective safeguards, AI can entrench rather than reduce disparities. 

Yet the empirical literature on equity stratification in AI-in-education remains thin. Most studies report 
aggregate outcomes and treat learners as a homogeneous population. Disaggregated analyses by gender, 
socioeconomic status, geography, institution type, and discipline are rare, and longitudinal evidence on 
whether AI narrows or widens gaps over time is effectively absent. This omission is particularly consequential 
in developing countries, where pre-existing inequalities are severe. 

For developing countries, AI in education is often framed as a leapfrog opportunity that could offset 
faculty shortages, infrastructure deficits, and uneven quality [6], [10]. The World Bank's learning agenda 
stresses that technology must be tied to measurable learning outcomes and context-appropriate delivery rather 
than adopted for its own sake [22]. Pakistan's higher-education landscape offers a compelling test case. It is 
characterized by over five million enrolled students, more than 240 degree-awarding institutions, significant 
public-private quality differentials, and pronounced urban-rural disparities [23]. Empirical research specific 
to Pakistan, however, remains limited and predominantly qualitative. Recent stakeholder surveys establish 
positive attitudes toward AI and identify infrastructure, teacher training, and privacy awareness as perceived 
barriers [28]. These studies are valuable as baselines but share three constraints: they rely on convenience 
samples from a single urban region, they capture perceptions rather than objective outcomes, and they 
aggregate all AI tools into a single category. To the best of our knowledge, no study has correlated verified 
AI-usage logs with objective academic metrics across multiple provinces, examined equity stratification, or 
proposed a costed adoption framework. 

Taken together, the literature reveals four converging limitations: (i) perception-based evidence 
dominates over objective outcome data; (ii) AI tool classes and their differential effects are not disaggregated; 
(iii) equity-stratified, longitudinal, multi-region evidence is scarce, particularly in developing-country settings; 
and (iv) context-adapted, costed adoption frameworks are absent. This study addresses all four limitations 
simultaneously through a data-driven, tool-specific, equity-aware, and framework-oriented investigation of 
AI-enhanced learning in Pakistani higher education. 
 

III. METHODOLOGY 
This study employs a mixed-methods, longitudinal, multi-region design in which quantitative outcome 

analysis is dominant and qualitative inquiry supports framework development. The design has two phases 
over a twelve-month observation window. Phase A (quantitative) tracks objective learning outcomes and 
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verified AI-tool usage across a stratified sample of students and instructors, enabling quasi-experimental 
analysis of tool-specific impacts and equity disparities. Phase B (qualitative) runs in parallel during the final 
three months. It uses semi-structured interviews, focus groups, and expert consultation to interpret the 
quantitative findings and to co-design the sustainable adoption framework. The unit of analysis is the student-
course observation, nested within students, programs, and institutions, which calls for multilevel modeling as 
described below. The analysis plan and hypotheses are pre-registered on the Open Science Framework (OSF) 
prior to data collection to guard against specification searching. 

Sampling follows a stratified random procedure across five administrative regions—Punjab, Sindh, 
Khyber Pakhtunkhwa, Balochistan, and the Islamabad Capital Territory—and two institutional sectors, public 
and private. This design corrects the single-city convenience sampling of prior work. Within each stratum, 
degree-awarding institutions are selected randomly from the official Higher Education Commission (HEC) 
recognized-institution list. Students are then randomly sampled from enrolled rosters within targeted faculties 
(natural sciences, engineering, computing, social sciences, and humanities) to ensure disciplinary coverage. 
Faculty participants are selected purposively to cover both AI-adopting and non-adopting instructors. 

The target sample is 3,200 students and 320 instructors across 20 institutions. It is sized to detect a 
medium effect size (𝑓ଶ = 0.15)at 𝛼 = 0.05and power = 0.80in multilevel regression, with an anticipated 
intraclass correlation of 0.10 and an average cluster size of 160 (design effect ≈ 17). The larger cluster count 
addresses the low statistical power at the institution level that afflicts smaller multi-site studies. The planned 
allocation by region and sector is shown in Fig. 1; final weights are computed post hoc to restore population 
representation against HEC enrollment statistics. A retention target of ≥ 80%across four measurement waves 
is set. Attrition is analyzed by comparing the baseline characteristics of retained and lost participants, and 
inverse-probability weights are applied if differential attrition is detected. 

 
 

Fig. 1. Planned stratified sample allocation across five regions of Pakistan. (a) Student sample by region and 
institutional sector (public vs. private). (b) Faculty sample by region. Total target sample comprises 3,200 

students and 320 faculty across 20 degree-awarding institutions. Values are design targets; final 𝑁are subject 
to institutional consent and respondent response rate. 

Data are drawn from three complementary sources to avoid the perception-only bias of prior studies. 
First, objective academic records are obtained from institutional registrar offices under formal data-sharing 
agreements. They include cumulative grade point average (GPA), course-level assessment scores, attendance, 
course completion, and program retention over the observation window, collected at baseline and at months 
4, 8, and 12. Second, AI-usage data are captured through institution-licensed learning-platform logs wherever 
possible. For consumer tools such as generative-AI assistants, a weekly usage diary is triangulated against 
platform data-export files in a validation subsample (𝑛 ≈ 400); diary entries exceeding plausible bounds are 
flagged and reconciled. Usage is operationalized as frequency, duration, and task type per tool category. Third, 
structured survey and interview instruments capture demographic and socioeconomic indicators (gender, 
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household-income band, guardian education, device and connectivity access), prior academic background, 
digital competence, academic motivation and self-regulation, and pedagogical practice. All instruments are 
piloted (𝑛 = 60)for reliability (Cronbach's 𝛼 ≥ 0.70for multi-item scales) and content-validated by a panel 
of three experts in AI education and psychometrics. Ethical approval is obtained from the lead institution's 
review board and, where required, from participating institutions. Participation is voluntary, informed consent 
is mandatory, and all records are anonymized, encrypted, and retained under a data-management plan aligned 
with HEC and UNESCO guidance. 

Independent variables are organized around the four-category AI-tool taxonomy established in Section 
II: (i) generative-AI assistants, (ii) intelligent tutoring and adaptive-learning systems, (iii) NLP-based 
feedback and writing-assistance tools, and (iv) predictive-analytics and early-warning systems. To ensure 
reliable classification, two independent coders apply a written codebook to every reported tool, and a third 
coder resolves disagreements. Inter-coder reliability is reported (Cohen's 𝜅 ≥ 0.80target). Each category is 
measured by usage intensity (hours/week) and depth of integration (supplementary vs. embedded in 
coursework). Dependent variables are objective learning outcomes: normalized course score, GPA change 
(ΔGPA), course completion, and retention to the following semester. Control and stratification variables 
include gender, socioeconomic band, urban/rural location, institution sector, academic discipline, prior 
academic attainment, digital competence, and academic motivation. Variable operationalization and sources 
are summarized in Table I. 

TABLE I 
VARIABLE OPERATIONALIZATION 

Variable class Variables Measure Source 

Independent AI-tool usage by category 
Frequency, duration, 

integration depth 
Platform logs + 
validated diaries 

Dependent Course score, completion, retention 
ΔGPA, Standardized academic 

records 
Registrar data 

Equity strata 
Gender, SES band, urban/rural, 

sector, discipline 
Survey + institutional records 

Survey + registrar 
records 

Controls 
Prior attainment, digital competence, 

motivation 
Prior GPA; validated scales Registrar + survey 

 
Quantitative analysis proceeds in five stages, and causal identification is addressed explicitly at each 

stage. First, descriptive and bivariate statistics establish usage patterns and raw outcome differences across 
tool categories and equity strata. Second, to address self-selection, each AI-user group is matched to a 
comparable non-user group on baseline covariates via propensity score matching (nearest-neighbor with 
caliper; balance checked via standardized mean differences < 0.1). Third, a difference-in-differences (DiD) 
estimator exploits within-person change over the observation window: 

𝑌௜௧ = 𝛽଴ + 𝛽ଵPost௧ + 𝛽ଶTreat௜ + 𝛽ଷ(Post௧ × Treat௜) + 𝛾Controls௜௧ + 𝛼௜ + 𝛿௧ + 𝜖௜௧ (1) 
 

where 𝛼௜is a student fixed effect (absorbing time-invariant motivation and ability), 𝛿௧are wave fixed 
effects, and 𝛽ଷis the effect of AI adoption on outcome change, to which we assign a causal interpretation. 
Parallel-trends assumptions are tested on pre-baseline GPA where available and via placebo tests. Fourth, a 
multilevel (mixed-effects) extension estimates tool-specific and equity-heterogeneous effects: 

𝑌௜௝௞ = 𝛽଴ + 𝛽ଵUsage௜௝௞ +෍𝛽ଶ௞ ToolCat௞ + 𝛽ଷEquityStrata௝ + 𝛽ସ (2) 

 
where 𝑢௜and 𝑣௞are random intercepts, and interactions 𝛽ସand 𝛽ହcapture, respectively, tool-specific 

effect heterogeneity and equity disparities. Standard errors are clustered at the institution level, with a wild-
cluster bootstrap as a sensitivity check given 20 clusters. Fifth, longitudinal growth modeling (linear mixed 
models over waves at months 0, 4, 8, and 12) estimates whether AI effects strengthen, persist, or decay over 
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time. Oaxaca-Blinder decomposition quantifies the share of outcome gaps attributable to differential access 
versus differential returns to usage. All inferential tests across the four outcomes and four tool categories are 
corrected using Benjamini-Hochberg false-discovery-rate control at 𝑞 = 0.05. Missing data are handled via 
multiple imputation by chained equations. Sensitivity analyses include inverse-probability weighting for 
attrition, alternative model specifications, and per-protocol versus intention-to-treat framing. 

Qualitative data come from interviews (𝑛 ≈ 60; maximum-variation sampling by region, sector, 
discipline, and adoption level) and four focus groups. They are analyzed thematically using a hybrid 
deductive-inductive coding scheme. Two researchers double-code the data, and inter-coder reliability is 
reported (Cohen's 𝜅 ≥ 0.75). Themes are triangulated against the quantitative results to explain why specific 
tool effects and equity gaps emerge. The sustainable adoption framework is then constructed in three iterative 
steps: (i) evidence-based drafting from integrated quantitative and qualitative findings; (ii) structured expert 
review through a two-round Delphi process with 15-20 stakeholders (HEC policymakers, university 
administrators, faculty developers, and education-technology practitioners), with anonymized feedback and a 
pre-specified ≥ 70%consensus criterion; and (iii) activity-based cost modeling of implementation, training, 
and governance components under low-, medium-, and high-resource scenarios, using vendor quotes and 
institutional budget data to ensure affordability for Pakistani public-sector institutions. Framework validity is 
further assessed through a pilot feasibility appraisal in two volunteer institutions. 

pre-specified ≥ 70%consensus criterion; and (iii) activity-based cost modeling of implementation, 
training, and governance components under low-, medium-, and high-resource scenarios, using vendor quotes 
and institutional budget data to ensure affordability for Pakistani public-sector institutions. Framework 
validity is further assessed through a pilot feasibility appraisal in two volunteer institutions. 
 

IV. RESULTS AND ANALYSIS 
Of the 3,200 students targeted, 3,052 (95.4%)provided complete baseline data and 2,874 remained in 

the study through month 12, an attrition rate of 5.8%. Inverse-probability weighting indicated no differential 
attrition by baseline covariates (all 𝑝 > 0.10). AI-tool usage was heterogeneous, as Fig. 2 shows. Generative-
AI assistants were the most widely adopted category (62%of students at least weekly), followed by NLP 
feedback tools (38%), predictive-analytics platforms (47%exposure, institution-dependent), and intelligent 
tutoring systems (24%weekly, concentrated in quantitative disciplines). Among users, weekly usage averaged 
𝑀 = 3.8hours (𝑆𝐷 = 2.6). It varied significantly by sector (public vs. private, 𝑡 = 8.4, 𝑝 < 0.001) and by 
socioeconomic band (𝐹(2, 2871) = 62.3, 𝑝 < 0.001). 

 
Fig. 2. AI-tool usage profile by tool category (𝑁, = 2400). 
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Table II presents the primary difference-in-differences estimates from (1), with student and wave fixed 
effects and institution-clustered standard errors. AI adoption was associated with modest but statistically 
significant improvements across all four outcomes. The DiD coefficient for normalized course score was 𝛽 =
0.18(𝑆𝐸 = 0.05, 𝑝 = 0.001, 95%CI [0.08, 0.28]), corresponding to 𝑑 = 0.22. Effects on semester ΔGPA𝛽 =
0.12on a 4-point scale, 

TABLE II 
MAIN DIFFERENCE-IN-DIFFERENCES ESTIMATES 

Outcome Estimate Robust SE p-value 95% CI Cohen's d 
Normalized course score (β) 0.18 0.05 0.001 [0.08, 0.28] 0.22 
ΔGPA, semester (β) 0.12 0.04 0.003 [0.04, 0.20] 0.18 
Course completion (OR) 1.34 0.11 0.002 [1.11, 1.62] — 
Retention, next semester (OR) 1.21 0.10 0.036 [1.01, 1.45] — 

Disaggregating the effects by tool category with (2) revealed substantial heterogeneity (Fig. 3). The 
Usage ×ToolCategory interaction terms were jointly significant (Wald 𝜒ଶ(3) = 18.4, 𝑝 < 0.001). Intelligent 
tutoring systems showed the strongest association with course scores 𝛽 = 0.31, 𝑝 < 0.001), concentrated in 
STEM disciplines. NLP feedback tools showed moderate positive effects 𝛽 = 0.16, 𝑝 = 0.002, particularly 
in writing-intensive courses. Generative-AI assistants showed a smaller positive association 
(𝛽,= 0.09𝑝 = 0.032). Predictive-analytics exposure was not significantly associated with course scores 
(𝛽,= 0.05𝑝 = 0.21), although it predicted retention in supplementary analysis. 

 
Fig. 3. Tool-specific effects of AI usage on normalized course score. Points show 𝛽coefficients; horizontal 

lines show 95%confidence intervals (FDR-corrected). 
Equity-stratified results (Fig. 4) showed significant negative interactions for low-SES 

(𝛽,= −0.14𝑝 = 0.005), rural (𝛽,= −0.11𝑝 = 0.028), and public-sector students (𝛽,= −0.09𝑝 = 0.031), 
indicating lower returns per hour of AI usage. Gender and discipline interactions were not significant. Oaxaca-
Blinder decomposition attributed 58%of the public-private ΔGPA gap to differential access (usage intensity), 
27%to differential returns, and 15%to baseline covariates. Longitudinal growth models showed that outcome 
trajectories diverged slightly over the twelve-month window (slope difference for low- vs. high-SES adopters 
= −0.05GPA points per wave, 𝑝 = 0.03). This finding directly motivates the equity safeguards in the 
proposed framework (Section VI). 
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Fig. 4. Equity-stratified interaction effects of AI usage on semester ΔGPA. Negative coefficients indicate 

lower returns to AI usage for that group (FDR-corrected). 
Thematic analysis of 58 interviews and four focus groups (two with students, two with faculty) yielded 

six themes, of which three were most frequent. The first combined perceived time savings and productivity 
gains with concerns about surface-level learning and reduced critical-thinking practice under generative AI. 
The second concerned connectivity, device, and affordability barriers, which disproportionately affected rural 
and low-SES students. The third was instructor uncertainty about assessment integrity, workload 
redistribution, and pedagogical integration. Inter-coder reliability was Cohen's 𝜅 = 0.81. These themes 
triangulate the quantitative findings and directly inform the three components of the adoption framework 
presented in Section VI. 
 

V. DISCUSSION 
The findings indicate that AI-enhanced learning is associated with modest but meaningful 

improvements in objective learning outcomes in Pakistani higher education. The overall effect is 
approximately one-fifth of a standard deviation on course scores, with positive effects on completion and 
retention. These magnitudes are consistent with meta-analytic evidence from well-resourced settings [4], [7] 
and contradict the more cautious view that AI effects are largely perceptual [9]. The aggregate effect, however, 
masks substantial tool-specific heterogeneity. Intelligent tutoring systems produce the largest gains, 
concentrated in STEM disciplines, whereas predictive-analytics exposure shows no significant association 
with course scores despite a documented retention benefit. Treating "AI" as a single intervention, as most prior 
Pakistani studies have done [28], is therefore analytically misleading and can lead institutions to invest in tool 
categories with weak or null returns. 

The equity analysis is the most consequential finding. Low-SES, rural, and public-sector students 
realize significantly lower returns per hour of AI usage, and Oaxaca-Blinder decomposition shows that both 
differential access and differential effectiveness contribute to the public-private gap. In other words, AI is not 
merely failing to close existing inequalities; without active safeguards, it risks widening them. This finding 
aligns with second-level digital-divide theory [20], [36], [37] and extends it by showing that usage gaps persist 
even among students who have access. It also reinforces the UNESCO warning that generative AI can entrench 
disparities without protective governance [11], [38], [39], [40]. The qualitative themes suggest a mechanism. 
Connectivity and device barriers, together with weaker digital competence and less structured pedagogical 
integration in public institutions, lead marginalized students to use AI less effectively even when they use it 
at similar frequencies. 

Three findings warrant particular attention from policymakers. First, the null effect of predictive 
analytics on course scores suggests that institutions should not expect analytics platforms alone to improve 
learning. Their value lies in retention and early-warning functions, which require dedicated human follow-up 
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to translate alerts into intervention. Second, the strong performance of intelligent tutoring systems in 
quantitative disciplines suggests a targeted, low-cost entry point for resource-constrained departments [34]. 
Third, generative-AI use is associated with improved completion but also raises concerns about surface-level 
learning, which indicates that assessment redesign, rather than prohibition, is the appropriate institutional 
response. These implications directly shape the three components of the adoption framework presented next 
[35]. 
 

VI. SUSTAINABLE ADOPTION FRAMEWORK 
Integrating the quantitative evidence, qualitative themes, and Delphi expert consensus, this study 

proposes a three-component sustainable adoption framework tailored to Pakistani higher education. The 
framework is deliberately modular and cost-tiered, so that institutions can implement components 
incrementally under low-, medium-, and high-resource scenarios. Component 1, the institutional deployment 
model, recommends a phased rollout. It begins with high-impact, low-cost tool categories intelligent tutoring 
systems in STEM and NLP feedback tools in writing-intensive courses before institution-wide generative-AI 
integration. It mandates device and connectivity subsidies for low-SES and rural students, embedded AI-
literacy modules in first-year curricula, and a centralized procurement and evaluation cell to avoid 
uncoordinated vendor adoption. Component 2, the tiered teacher-training roadmap, defines three competency 
levels: foundational (tool literacy and academic-integrity management), intermediate (pedagogical integration 
and prompt design), and advanced (learning-analytics interpretation and curriculum redesign) [31]. A train-
the-trainer cascade delivers the training at minimal cost. Component 3, the ethics and governance protocol, 
establishes data-protection standards aligned with HEC and UNESCO guidance, transparent algorithmic-
impact disclosure, human-in-the-loop oversight for all predictive decisions, and a revised assessment policy 
that emphasizes process over product to mitigate generative-AI integrity risks. Table III summarizes the 
framework components, key actions, cost tiers, and responsible actors [32], [33]. A pilot feasibility appraisal 
in two volunteer institutions indicated that the low-resource configuration is implementable within existing 
public-university budgets, with full Delphi consensus (≥ 80%)achieved on all mandatory components. 

TABLE III 
SUSTAINABLE ADOPTION FRAMEWORK: COMPONENTS, ACTIONS, COST TIERS, AND 

RESPONSIBLE ACTORS 
Component Key actions Cost tier Primary actor 

1. Institutional 
deployment 

Phased rollout (ITS → NLP → GenAI); 
connectivity subsidies; modules; procurement cell 

Low → 
Medium 

University 
administration / HEC 

2. Teacher training 
3-tier competency roadmap; train-the-trainer 

cascade; workshops 
Low 

Faculty development 
centers 

3. Ethics 
governance 

Data-protection standards; transparency; oversight; 
assessment redesign algorithmic 

Low → 
Medium 

Quality enhancement / 
HEC 

The framework distinguishes this study from prior perception-based work [28], [29], [30] by 
converting empirical findings into an actionable, costed, and context-specific implementation instrument 
rather than generic recommendations. 
 

VII. LIMITATIONS AND FUTURE WORK 
Several limitations qualify the findings. First, although institutional platform logs were used where 

available, usage of consumer generative-AI tools relied on validated self-report diaries. These may contain 
recall and social-desirability bias despite triangulation in a validation subsample. Second, despite stratified 
sampling across five regions, the findings may not generalize to remote rural areas and small colleges, which 
are underrepresented in the HEC recognized-institution frame. Third, the difference-in-differences design, 
propensity-score matching, and student fixed effects strengthen causal interpretation, but unobserved time-
varying confounders such as simultaneous institutional reforms cannot be fully excluded. Fourth, the twelve-
month window captures short- to medium-term effects; long-term impacts on graduate employability and deep 
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learning remain unobserved. Future work should extend the observation period to multiple academic cycles 
and integrate browser-extension or single-sign-on usage logging for consumer tools. It should also test the 
framework through randomized controlled rollouts across institutions and replicate the design in other South 
Asian developing contexts to assess cross-national transferability. 
 

VIII. CONCLUSION 
This study set out to move beyond perception-based evidence on AI in education by quantifying tool-

specific impacts, examining equity disparities, and developing a context-adapted adoption framework for 
Pakistani higher education. Drawing on objective registrar data, verified usage logs, and a multi-region 
longitudinal sample, the study reaches three main findings. AI-enhanced learning is associated with modest 
but significant improvements in learning outcomes. Effects vary substantially across tool categories. 
Marginalized students—low-SES, rural, and public-sector—realize lower returns to usage. The proposed 
three-component framework offers institutions a phased, cost-tiered, and governance-aware pathway to 
sustainable adoption. The central contribution is methodological as much as substantive: it demonstrates that 
AI-in-education research in developing countries can, and should, be data-driven, equity-stratified, and 
solution-oriented rather than reliant on stakeholder attitudes alone. As AI tools continue to diffuse rapidly, the 
priority for Pakistan and comparable contexts is not whether to adopt but how to adopt in ways that expand, 
rather than constrain, equitable learning opportunity. 
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