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Abstract 
 

Artificial Intelligence (AI) is transforming the landscape of education, offering 

new avenues to personalize learning experiences and enhance student 

outcomes This paper presents a conceptual and theoretical framework for 

implementing AI-powered adaptive learning systems in higher education, 

with a particular focus on the context of Bangladesh. Traditional teaching 

models often fail to accommodate diverse learner needs, resulting in 

disengagement and performance gaps. Adaptive learning, driven by AI 

algorithms, can dynamically tailor educational content based on individual 

student behavior, performance, and learning preferences. The proposed 

framework outlines key components of such a system, including learner 

profiling, intelligent content delivery, and continuous feedback mechanisms. 

The novelty of this work lies in contextualizing global adaptive learning 

models for the Bangladeshi higher education ecosystem, considering local 

institutional constraints, policy environments, and digital readiness. Drawing 

on global best practices and theoretical foundations, the paper explores 

strategic considerations for institutional readiness, faculty involvement, data 

ethics, and policy alignment. By integrating adaptive learning into the 

curriculum, higher education institutions can position themselves as pioneers 

in educational innovation, enhancing both academic quality and institutional 

reputation. As a conceptual study, the framework has not yet been 

empirically tested; therefore, future research should validate the proposed 

model through pilot implementations and empirical evaluation in Bangladeshi 

universities. The paper concludes with policy recommendations and a 

roadmap for pilot implementation, offering a pathway for scalable adoption 

across Bangladeshi higher education institutions. 

Keywords: Artificial Intelligence in Education, Adaptive Learning Systems, 
Higher Education in Bangladesh, Personalized Learning, Educational 
Innovation, AI-Powered Pedagogy. 

 

 1  |  Introduction 
 

The rapid evolution of Artificial Intelligence (AI) 

technologies is reshaping education systems worldwide. 

AI-driven tools such as intelligent tutoring systems, 

predictive analytics, and virtual learning assistants are 

enabling institutions to personalize instruction, monitor 

learner progress, and optimize academic support 

mechanisms. Globally, universities are increasingly 

integrating AI into learning management systems to 

create data-driven and adaptive educational 

environments. International organizations such as 

UNESCO have highlighted AI’s potential to support 

inclusive and equitable quality education by addressing 

diverse learner needs and assisting educators with real-

time insights into student performance. 

 

Despite these global developments, many higher 

education institutions in Bangladesh continue to rely 

heavily on traditional lecture-based teaching models. 

While these approaches have historically supported 

mass education, they often struggle to accommodate the 

diverse learning needs of contemporary student 

populations. Bangladesh has experienced significant 

expansion in tertiary education over the past two 

decades; the Gross Enrollment Ratio (GER) in higher 

education increased from around 7% in 2005 to 

approximately 21% in recent years, reflecting growing 

demand for university education. However, this 

expansion has also introduced challenges related to 

instructional quality, student engagement, and resource 

allocation. In many institutions, teacher–student ratios 

frequently exceed 1:30 or higher, limiting opportunities for 

individualized instruction and academic mentoring. 
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The conventional one-size-fits-all instructional model 

assumes a uniform learner profile, yet students vary 

widely in their prior knowledge, learning pace, motivation, 

digital literacy, and preferred learning strategies. Such 

diversity often leads to uneven academic outcomes, 

reduced engagement, and in some cases increased 

attrition or delayed graduation. As higher education 

systems expand and diversify, the limitations of static 

curricula, standardized assessments, and lecture-centric 

delivery become increasingly evident. These constraints 

highlight the need for more flexible and learner-centered 

approaches that can dynamically respond to individual 

student needs. 

 

To address these challenges, this paper proposes a 

conceptual framework for integrating AI-powered 

adaptive learning systems within the higher education 

context of Bangladesh. Rather than replacing traditional 

classroom environments, the framework emphasizes 

complementing existing pedagogical practices with AI-

enabled personalization. Adaptive learning systems can 

analyze student performance data, identify knowledge 

gaps, and deliver tailored instructional content, enabling 

learners to progress at individualized paces while 

maintaining curricular coherence. 

 

1.1  | Context: Global shift toward AI in 
education 

 

The integration of AI in education is widely regarded as a 

key driver of transformation in the digital learning 

ecosystem. Universities and educational technology 

providers are increasingly deploying machine learning 

models, learning analytics, and intelligent tutoring 

systems to support personalized learning pathways and 

improve student outcomes [1,2]. These systems can 

monitor learner interactions, analyze performance 

patterns, and dynamically adjust instructional content 

based on individual progress. As the Fourth Industrial 

Revolution reshapes labor markets and skill 

requirements, higher education institutions are under 

growing pressure to adopt technologies that promote 

adaptability, critical thinking, and lifelong learning [3]. 

 

1.2  | Problem: One-size-fits-all learning 
models in traditional systems 

 

Despite advances in educational technology, most higher 

education systems still operate within relatively rigid 

instructional frameworks. Structured curricula, fixed 

academic schedules, and uniform assessment methods 

often limit the ability of instructors to respond to diverse 

learner profiles. Students who require additional support, 

accelerated learning pathways, or alternative learning 

modalities frequently find themselves underserved by 

traditional instructional models. This structural rigidity 

may contribute to reduced engagement, learning 

inefficiencies, and disparities in academic performance 

across different student groups [4]. 

 

Furthermore, the rapid expansion of tertiary education 

has significantly diversified student populations. Learners 

now enter universities with varying academic preparation, 

cultural backgrounds, and professional aspirations. 

Simultaneously, knowledge domains are evolving rapidly 

due to technological innovation and interdisciplinary 

integration. In this context, static teaching approaches 

struggle to remain responsive to emerging educational 

demands. Adaptive, learner-centered models are 

therefore increasingly recognized as essential for 

improving both educational inclusivity and learning 

effectiveness [5]. 

 

1.3  | Purpose: To propose a theoretical 
framework for implementing AI-driven 
adaptive learning in tertiary education 

 

The primary objective of this paper is to develop a 

conceptual framework for implementing AI-driven 

adaptive learning systems in tertiary education, 

particularly within the Bangladeshi context. The proposed 

framework outlines key architectural components, 

including learner profiling, learning analytics, adaptive 

content delivery, and feedback mechanisms. By 

leveraging machine learning techniques and pedagogical 

models grounded in learner-centered education theories, 

the framework aims to support personalized learning 

pathways that can enhance academic performance, 

engagement, and retention. 

 

Rather than presenting an empirical system 

implementation, this study focuses on the theoretical 

design and strategic considerations required for 

deploying adaptive learning technologies in higher 

education institutions. The framework is intended to 

serve as a foundation for future empirical studies and 

pilot implementations. 

 

1.4  | Scope and significance for Bangladesh 
and Private University 

 

For Bangladesh, where challenges related to access, 

instructional quality, and faculty workload remain 

significant, AI-powered adaptive learning presents a 

promising pathway for educational transformation. 

Private universities, in particular, possess greater 

operational flexibility and technological capacity to 

experiment with digital learning innovations. Aligning with 

national initiatives such as the Smart Bangladesh Vision 

2041 and the national ICT development strategies, the 



JET  19 

 

adoption of adaptive learning technologies can contribute 

to improving instructional quality, enhancing institutional 

competitiveness, and supporting workforce-ready skill 

development [6]. 

 

By enabling data-driven personalization of learning 

experiences, adaptive systems may help address 

constraints related to teacher–student ratios, 

heterogeneous learner preparedness, and limited 

academic support resources. The framework proposed in 

this paper therefore holds particular relevance for 

emerging technology-oriented programs such as 

Computer Science and Artificial Intelligence, while also 

offering insights for broader institutional digital 

transformation strategies. Ultimately, this study seeks to 

contribute to policy discussions and institutional planning 

aimed at leveraging AI to advance inclusive, equitable, 

and high-quality higher education in Bangladesh [7]. 

 

1.5 | Methodology: Framework Development 

Approach 

 

This study adopts a conceptual and exploratory research 

design to develop a framework for AI-powered adaptive 

learning in higher education. The framework was 

constructed through a systematic review and synthesis of 

existing literature on artificial intelligence in education, 

adaptive learning systems, learning analytics, and 

technology-enabled pedagogy, primarily drawing from 

established research in educational technology and the 

theoretical foundations presented in prior studies. 

Relevant global best practices and implementation 

models were examined to identify key architectural 

components and functional mechanisms of adaptive 

learning systems. These insights were then 

contextualized for the Bangladeshi higher education 

environment, considering institutional readiness, digital 

infrastructure, faculty engagement, and policy alignment. 

The resulting framework integrates pedagogical theory, 

AI-driven personalization mechanisms, and institutional 

adoption considerations. As a conceptual model, the 

framework is intended to serve as a guiding structure for 

future empirical validation and pilot implementations in 

university settings. 

 

2  |  Theoretical Background 
 

2.1  |  Adaptive Learning and Its AI Underpinnings 
 

Adaptive learning refers to an educational approach that 

uses technology to tailor instruction to the individual 

learner’s needs, abilities, and learning styles. It 

dynamically modifies the learning path, content difficulty, 

and feedback based on continuous data collection and 

real-time analysis of learner behavior and performance. 

At the heart of adaptive learning are AI technologies—

particularly machine learning (ML), natural language 

processing (NLP), and data analytics—that analyze 

learner profiles, predict performance trends, and 

generate personalized recommendations [1]. AI systems 

monitor variables such as response time, error patterns, 

and content mastery to create a feedback loop that 

informs both learners and educators. The most advanced 

systems incorporate reinforcement learning models, 

Bayesian knowledge tracing, and decision-tree 

algorithms to refine and optimize learner trajectories [2]. 

These capabilities allow AI-powered adaptive platforms 

to move beyond static e-learning models and simulate 

human-like tutoring with scalable precision [3]. 

 

2.2  |  Relevant Educational Theories: 

Constructivism and Personalized Learning 

 
2.3  |  Global Advancements in AI for Education 

 

Several notable global initiatives underscore the growing 

influence of AI in education. For example, IBM Watson 

Education employs cognitive computing to create 

personalized learning paths and identify students at risk 

of underachievement. By integrating predictive analytics 

with teacher dashboards, Watson enables data-informed 

interventions that improve outcomes [7]. Similarly, 

Squirrel AI, a Chinese ed-tech company, has pioneered 

the use of deep learning algorithms to power intelligent 

adaptive learning systems for K–12 students. Their 

system can diagnose over 10,000 knowledge points and 

adapt teaching strategies in real-time, often 

outperforming human tutors in controlled studies [8]. In 

the United States, Carnegie Learning’s MATHia platform 

uses AI-based modeling to mimic human tutoring and has 

shown measurable gains in mathematics achievement 

[9]. These examples illustrate how AI is not just 

augmenting traditional teaching but transforming 

educational delivery into a more responsive and 

intelligent system that can be localized and scaled in 

contexts such as Bangladesh. 

 

2.4  |  Global Advancements in AI for Education and 

Contextualization for Bangladesh and Private 

University 
 

Globally, AI-based adaptive learning platforms have 

demonstrated transformative potential in enhancing 

learner engagement, improving retention rates, and 

customizing pedagogical strategies. For instance, IBM 

Watson Education offers data-driven personalized 

learning experiences by analyzing student behavior 

patterns and providing actionable insights to educators 

through AI-powered dashboards [9]. Similarly, Squirrel AI 
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in China has deployed a sophisticated system that can 

detect granular knowledge gaps in students across 

thousands of concepts and adapt instruction accordingly, 

often surpassing the efficacy of human tutors [8]. 

Carnegie Learning’s MATHia platform in the U.S. uses 

artificial intelligence to simulate human tutoring in 

mathematics, with documented gains in student 

achievement and motivation [9]. 

 

In Bangladesh, the implementation of AI in education is 

still at an early stage, but significant groundwork is being 

laid through policy initiatives and pilot programs. The 

government’s “Smart Bangladesh Vision 2041” and the 

ICT in Education Master Plan (2021–2025) by the 

Ministry of Education aim to digitize education delivery 

and build smart classrooms equipped with learning 

analytics and AI tools [10]. Moreover, platforms such as 

Shikkhok Batayon and Muktopaath have introduced 

digitized learning content, though these systems are 

currently static and lack adaptive features. This presents 

a timely opportunity for institutions like a private university 

to take a leadership role in piloting AI-powered adaptive 

learning frameworks tailored to the Bangladeshi context. 

 

The university’s CSE department, equipped with 

foundational expertise in AI and Data Science, is well-

positioned to develop and deploy an adaptive learning 

platform that integrates locally relevant curricula, 

language support (including Bangla-English code-

switching), and culturally appropriate pedagogical 

content. By collaborating with government agencies, ed-

tech startups, and international partners, The university 

can contextualize global models such as Squirrel AI or 

IBM Watson to reflect the needs of tertiary students in 

urban and rural Bangladesh. This includes adapting AI 

algorithms to accommodate limited connectivity, diverse 

learner profiles, and linguistic diversity. Such a model can 

serve as a replicable prototype for other private 

universities in the country and contribute to the national 

vision of equitable, personalized, and technology-

enhanced higher education. 

 

3  |  Proposed Conceptual Framework 
 

3.1  |  Key Components 
 

The proposed AI-powered adaptive learning framework 

consists of four major components: learner profiling, AI 

algorithms, feedback loops, and content personalization 

is shown in Figure 1. 

 
Figure 1 illustrates on the following issues: 

• Learner Profiling involves collecting detailed data 

on students' cognitive abilities, prior knowledge, 

learning styles, preferences, engagement metrics, 

and performance history. This multidimensional 

profile acts as the foundation for tailoring instruction 

[11]. 

• AI Algorithms serve as the core computational 

engine that analyzes learner data using machine 

learning techniques such as decision trees, 

collaborative filtering, neural networks, and 

reinforcement learning. These models dynamically 

predict learner needs, identify knowledge gaps, and 

recommend next-step activities [12]. 

• Feedback Loops enable continuous improvement 

by tracking learner responses and system 

effectiveness. The loop functions bi-directionally—

students receive adaptive feedback, while the 

system refines its predictions using real-time 

learning analytics [13]. 

• Content Personalization is the final outcome of the 

system where instructional content (videos, 

readings, exercises, quizzes) is customized to align 

with individual learner needs. This includes adapting 

the pace, modality (visual, auditory, etc.), and 

difficulty level based on learner progression [14]. 

 

Together, these components establish a learning 

ecosystem that is responsive, data-driven, and learner-

centric. 

 

3.2  |  Interaction Model: Data-Driven Adaptive 

Pathways 

 

In this model, every meaningful learner interaction within 

the digital learning environment is systematically 

recorded and analyzed to construct a dynamic and 

continuously evolving learner profile. These interactions 

include not only quiz and assignment results, but also 

granular behavioral indicators such as time-on-task, 

frequency of content revisits, clickstream navigation 

patterns, pauses in video lectures, participation in 

discussion forums, types of questions asked, peer 

collaboration metrics, and even patterns of hesitation or 

rapid guessing. Such multimodal data are captured 

 
Figure 1: System diagram of the conceptual framework 
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through learning management systems, intelligent 

tutoring platforms, and collaborative tools, forming a rich 

dataset that reflects both cognitive performance and 

learning behaviors. The AI engine processes these inputs 

using analytics and machine learning techniques to 

identify trends, strengths, misconceptions, engagement 

levels, and potential risk factors in real time. As new data 

are generated, the learner profile is continuously 

updated, allowing the system to maintain an accurate and 

current understanding of each student’s progress and 

needs. 

 

For example, if a student consistently performs poorly on 

assessments related to a particular topic—such as 

recursive functions in programming—the system does 

not merely register incorrect answers; it analyzes 

patterns across attempts, identifies specific conceptual 

gaps (e.g., misunderstanding base cases or stack 

memory behavior), and detects persistent 

misconceptions. Based on this diagnosis, the AI-driven 

system adapts the learning pathway by recommending 

alternative instructional strategies, such as simplified 

explanations, visual simulations, step-by-step scaffold 

exercises, interactive debugging sessions, or 

prerequisite foundational lessons. It may also adjust the 

pacing of content delivery, provide targeted practice 

problems, suggest peer discussion groups, or trigger 

instructor intervention when necessary. Through this 

adaptive feedback loop, the model transforms static 

course delivery into a personalized and responsive 

learning experience that supports mastery, builds 

confidence, and reduces the likelihood of long-term 

conceptual gaps. 

 

The AI engine dynamically adjusts the learning path 

based on: 

• Performance predictions (e.g., likelihood of 

mastery), 

• Emotional indicators (if integrated with affective 

computing), 

• Content engagement metrics (e.g., skip rates, 

rewatch frequency). 

 

This creates a closed feedback loop where student 

behavior informs instructional decisions in real-time [15]. 

 

3.3  |  System Architecture 
 

The conceptual system architecture for the adaptive 

learning framework can be segmented in three parts: 

Inputs, AI Engine and Outputs is shown in Figure 2. 

 
Figure 2 illustrates the overall architecture of an AI-

powered adaptive learning system. The system begins by 

collecting three main types of input data: student 

behavior data (such as number of clicks and time spent 

on pages), assessment results (including formative 

scores and performance indicators), and demographic or 

psychographic information about the learners. 
 

These inputs are processed by the AI Engine, which 

consists of several components. First, data processing 

organizes and prepares the collected information. Next, 

learning analytics analyzes patterns in student 

interactions and performance. Based on these insights, a 

learning model identifies student learning needs, 

strengths, and weaknesses. Finally, an adaptive decision 

logic determines how the learning experience should be 

adjusted for each student. 
 

The output of this process is personalized learning 

content, which may include instructor reports, curriculum 

insights, and predictive alerts such as identifying students 

who may be at risk of poor performance. This architecture 

enables the system to continuously adapt educational 

materials and support based on individual learner data. 
 

The conceptual system architecture for the adaptive 

learning framework can be represented as follows: 

 

Inputs 

• Learner Behavior (clicks, time on page, quiz scores) 

• Assessment Results (formative/summative scores) 

• Demographic & Psychographic Data 

 

AI Engine 

• Data Preprocessing 

• Learning Analytics 

• Learner Modeling 

• Adaptive Decision Logic 

 

 
Figure 2: System architecture diagram 
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Outputs 

• Personalized Content Delivery 

• Intelligent Feedback 

• Progress Visualization 

• Monitoring & Analytics Dashboard 

• Instructor Reports 

• Curriculum Insights 

• Predictive Alerts (e.g., dropout risks) 
 

This modular architecture ensures scalability, 

interoperability, and flexibility in integration with existing 

systems. A visual diagram illustrating this pipeline can 

enhance understanding for implementation stakeholders 

(optional). 

 

3.4  |  Suggested Integration with the 

University’s LMS or Learning Tools 

 

To pilot and institutionalize the framework at a private 

university, the system can be integrated as an AI-

powered plug-in module within the university’s existing 

Learning Management System (LMS), such as Moodle, 

Canvas, or any in-house platform. 
 

Key integration strategies include: 

• Embedding Adaptive Learning APIs: Open-

source AI modules such as TensorFlow, Scikit-learn, 

or IBM Watson APIs can be embedded within the 

LMS backend to process learning analytics. 

• LMS Data Bridge: Use xAPI (Experience API) or LTI 

(Learning Tools Interoperability) standards to 

connect LMS log data with the AI engine securely. 

• Dashboards for Teachers and Admins: Develop 

real-time monitoring dashboards that allow 

instructors to view learning paths, identify at-risk 

students, and intervene when necessary. 

• Language and Local Curriculum Support: Tailor 

the content repository to include Bangla-English 

resources and align with national higher education 

curricula. 
 

By initiating a controlled rollout in selected courses within 

the CSE or AI and Data Science departments, the 

university can build empirical evidence to scale the model 

across programs. 

 

The interaction model involves data inputs such as 

assessment scores and user interaction logs being 

processed by an AI engine. The system then delivers 

customized content and updates learner profiles based 

on new data. A feedback loop ensures continuous 

improvement of both student outcomes and system 

accuracy. 

 

For the experimented case, this framework can be 

integrated with existing Learning Management Systems 

(LMS) to create a blended learning environment. Content 

modules could be designed to adapt to individual learners 

while faculty can use analytics dashboards to monitor 

class-wide trends and provide targeted support. 

 

4  |  Strategic Implementation Considerations 

 

The successful deployment of AI-powered adaptive 

learning systems in higher education requires a 

multidimensional strategic approach. Beyond technical 

innovation, institutions must build readiness across 

faculty capabilities, infrastructure, and curriculum design 

to ensure sustainable impact and alignment with quality 

standards. 

 

4.1  |  Faculty Training 

 

One of the most critical pillars for implementation is 

equipping faculty with the necessary knowledge and 

skills to integrate AI tools and adaptive pedagogies into 

their teaching. Faculty members need training in 

interpreting learning analytics, designing adaptive 

content, and facilitating differentiated instruction. 

According to the OECD, without proper pedagogical 

orientation, AI tools risk being underutilized or 

misapplied, thereby reducing their potential effectiveness 

[16]. Training programs should include: 

• Basic AI literacy for educators, 

• Use of dashboards and student insights, 

• Ethical considerations in AI usage, 

• Co-designing adaptive modules in collaboration 

with instructional designers. 
 

Furthermore, change management frameworks such as 

Kotter’s 8-Step Process may be employed to guide 

cultural shifts in faculty attitudes toward AI-enhanced 

teaching [17]. 

 

4.2  |  Infrastructure 

 

AI-powered adaptive learning systems are data-intensive 

and require robust technological infrastructure to support 

scalability, reliability, and security. Cloud-based platforms 

offer scalable storage and computational capabilities 

essential for processing large volumes of learner data in 

real time [18]. Institutions must invest in: 

• High-performance cloud computing (e.g., 

AWS, Azure), 

• Secure data storage with compliance to data 

protection laws (e.g., GDPR-like protocols), 

• Learning management system integration 

using APIs and LTI standards, 

 



JET  23 

 

User authentication and encryption to protect student 

privacy. 

 

Bangladesh’s growing internet penetration and national 

investment in digital infrastructure—through the Access 

to Information (a2i) program and Smart Bangladesh 

Vision—provide a favorable environment for such 

upgrades [19]. The university, with its emerging 

emphasis on AI and Data Science programs, can serve 

as a pioneering institution by adopting hybrid cloud 

infrastructure and forming partnerships with global ed-

tech providers. 

 

4.3  |  Curriculum Flexibility 

 

Adaptive learning systems thrive in environments where 

curricula are modular, competency-based, and allow for 

personalized progression. This necessitates a shift from 

rigid course structures to learning pathways that can 

accommodate variations in pace, sequencing, and 

instructional modality. For instance, a course on Data 

Structures could be redesigned into micro-modules—

such as arrays, linked lists, and trees—enabling AI 

systems to adjust content delivery based on mastery 

levels [1]. However, this flexibility must align with 

accreditation frameworks set by bodies like the University 

Grants Commission (UGC) of Bangladesh. 

To maintain compliance while enhancing adaptability, 

institutions can: 

• Redesign syllabi into learning outcomes-

based units, 

• Incorporate multiple assessment types (e.g., 

formative quizzes, simulations), 

• Ensure credit hour equivalency even with 

variable pacing. 

 

Globally, many universities have adopted such 

frameworks through the Competency-Based Education 

(CBE) model, which has been successfully implemented 

in institutions like Western Governors University and 

Arizona State University [20]. 

 

5  |  Benefits and Expected Impact 

 

The strategic adoption of AI-powered adaptive learning 

systems in higher education can deliver transformative 

results for students, faculty, and institutions. As a private 

university, this transition can serve both academic and 

strategic imperatives, positioning the institution as a 

national leader in educational innovation. 

 

5.1  |   Enhanced Student Engagement through 

Personalized Pathways 
 

Adaptive learning tailors instruction to meet students’ 

individual needs, learning speeds, and preferences. 

Personalized content delivery, adaptive assessments, 

and dynamic feedback loops maintain learner interest 

and motivation, which are often compromised in 

traditional one-size-fits-all models. Research shows that 

students using adaptive learning systems are more likely 

to exhibit increased engagement, self-efficacy, and 

satisfaction with their learning experiences [21, 6]. For 

the university, this means more meaningful classroom 

interactions and better alignment with students' learning 

journeys. 

 

5.2  |  Improved Learning Outcomes and Reduced 

Dropout Rates 
 

By addressing knowledge gaps in real time, adaptive 

systems help ensure mastery of foundational concepts 

before students move to more advanced topics. This 

reduces cognitive overload and prevents academic 

underperformance—a leading factor in higher education 

dropout rates [14]. A study by the Bill & Melinda Gates 

Foundation found that adaptive learning platforms 

improved pass rates by over 10% and significantly 

lowered withdrawal rates across diverse university 

courses [22]. For the university, where first-generation 

learners or students from varied academic backgrounds 

are common, these systems can create a more equitable 

academic environment. 

 

5.3  |  Informed Decision-Making Using Analytics 
 

Adaptive systems generate rich learning analytics that 

can be leveraged by faculty and administrators to make 

evidence-based decisions. These insights can identify 

students at risk of failure, pinpoint ineffective teaching 

strategies, and guide resource allocation. For example, 

predictive analytics can flag disengaged students’ weeks 

before midterms, enabling timely interventions [15]. The 

university could integrate these insights into its academic 

monitoring processes, fostering a proactive support 

system rather than a reactive one. 

 

5.4  |   Strengthening University’s Academic 

Reputation as a Technology-Forward 

Institution 
 

Implementing AI-enhanced adaptive learning aligns with 

Bangladesh’s national strategy for Smart Education and 

demonstrates institutional commitment to 21st-century 

learning models. This positions the university can as a 

progressive, innovation-driven university capable of 

offering future-ready education. The deployment of such 

systems can attract high-caliber faculty, increase student 

enrollment, and open avenues for international academic 
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partnerships and research funding [23]. Moreover, the 

inclusion of AI in pedagogy complements university’s 

CSE and AI programs, creating synergies between 

research, teaching, and practice. 

 

6  |  RESULTS AND DISCUSSIONS 
 

Although this study proposes a conceptual framework 

rather than an implemented system, the expected 

outcomes can be analyzed by comparing traditional 

learning models with adaptive learning approaches and 

by examining how the proposed framework aligns with 

global best practices while addressing the specific needs 

of the Bangladeshi higher education context. The 

following discussion highlights the anticipated 

educational and institutional benefits of adopting AI-

powered adaptive learning systems. 
 

6.1 | Comparison of Traditional LMS and Adaptive 

LMS 
 

Traditional Learning Management Systems (LMS) 

primarily function as content delivery and course 

management platforms. While they allow instructors to 

distribute materials, conduct assessments, and 

communicate with students, they typically lack 

mechanisms to dynamically personalize learning 

experiences. In contrast, Adaptive LMS platforms 

integrate AI and learning analytics to tailor content, 

pacing, and feedback to individual learner profiles. 
 

Table 1. Comparison between Traditional LMS and 

Adaptive LMS 

Feature Traditional LMS AI-Powered 

Adaptive LMS 

Content 

Delivery 

Static and identical 

for all learners 

Dynamic and 

personalized based 

on learner data 

Learning 

Path 

Fixed course 

sequence 

Adaptive learning 

pathways 

Feedback Periodic and 

instructor-driven 

Continuous and 

automated feedback 

Data Usage Limited analytics 

(attendance, 

grades) 

Advanced learning 

analytics and 

predictive insights 

Student 

Engagement 

Passive content 

consumption 

Interactive and 

personalized learning 

experiences 

Intervention 

Support 

Manual 

identification of 

struggling students 

Early detection 

through predictive 

analytics 

Scalability Supports course 

management 

Supports 

personalized learning 

at scale 

As shown in Table 1, adaptive learning environments 

provide significantly greater personalization and 

proactive academic support. These features can 

enhance engagement and reduce learning gaps that 

often emerge in traditional lecture-based systems. 

 

6.2 | Comparison of Global Adaptive Learning Models 

and the Proposed Bangladesh Framework 
 

Several international universities have successfully 

implemented adaptive learning systems using AI-driven 

platforms. However, these models are often designed for 

technologically advanced environments with strong 

digital infrastructure and extensive educational data 

ecosystems. The proposed framework adapts these 

global models to better align with the institutional and 

infrastructural realities of Bangladesh. 
 

Table 2. Comparison of Global Adaptive Learning 

Models and the Proposed Bangladesh Framework 

Dimension Global Adaptive 

Learning Models 

Proposed Bangladesh 

Framework 

Infrastructure 

Assumptions 

High-speed digital 

infrastructure and 

extensive datasets 

Designed for emerging 

digital ecosystems 

Institutional 

Context 

Large-scale 

international 

universities 

Private and public 

universities in 

Bangladesh 

Faculty 

Integration 

High level of AI literacy 

among instructors 

Gradual faculty training 

and adoption 

Faculty 

Integration 

High level of AI literacy 

among instructors 

Gradual faculty training 

and adoption 

Policy 

Alignment 

Mature data 

governance policies 

Alignment with national 

digital strategies 

Data 

Availability 

Large historical 

educational datasets 

Limited datasets with 

gradual expansion 

Implementation 

Strategy 

Large-scale 

deployment 

Pilot-based incremental 

implementation 

Cultural 

Context 

Western educational 

environments 

Localized learning 

practices and student 

diversity 

 

Table 2 highlights the novelty of the proposed framework. 

Rather than replicating global models directly, it 

introduces localized contextualization that considers 

infrastructure limitations, faculty readiness, and policy 

conditions specific to Bangladesh. 

 

6.3 |  Expected Educational Impact 
 

6.3.1  |  Enhanced Student Engagement through 

Personalized Learning Pathways 
 

Adaptive learning systems tailor instructional content to 

individual learner profiles by analyzing student behavior, 

assessment performance, and learning preferences. 

Personalized content delivery, adaptive assessments, 

and dynamic feedback loops help maintain learner 

motivation and engagement, which are often limited in 

traditional one-size-fits-all instructional models. Prior 

studies indicate that students using adaptive systems 

demonstrate higher engagement levels, stronger 

learning motivation, and improved satisfaction with their 

academic experience. 
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6.3.2  |  Improved Learning Outcomes and Reduced 

Dropout Rates 
 

Adaptive learning platforms continuously identify 

knowledge gaps and adjust learning materials 

accordingly. By ensuring mastery of foundational 

concepts before progression to advanced topics, these 

systems reduce cognitive overload and support more 

effective knowledge retention. Empirical evidence from 

prior adaptive learning implementations suggests that 

such systems can increase course pass rates and reduce 

student withdrawal rates. For universities serving diverse 

student populations—including first-generation 

learners—this approach can contribute to more equitable 

academic outcomes. 

 

6.3.3  |  Data-Driven Academic Decision-Making 
 

AI-powered adaptive learning environments generate 

extensive learning analytics that support evidence-based 

decision-making. Faculty members can monitor student 

progress in real time, identify struggling learners early, 

and adjust instructional strategies accordingly. Predictive 

analytics tools can also alert instructors to potential 

academic risks well before final assessments, enabling 

timely interventions and targeted academic support. 

 

6.3.4  |  Strengthening Institutional Reputation 

through Educational Innovation 
 

The adoption of AI-driven adaptive learning aligns with 

Bangladesh’s broader national digital transformation 

initiatives and Smart Education strategies. Universities 

implementing such systems can position themselves as 

technology-forward institutions that embrace innovative 

teaching practices. Beyond improving learning quality, 

this strategic positioning can attract high-quality faculty, 

increase student enrollment, and facilitate international 

collaborations in education technology research. 

 

7  |  RISKS AND ETHICAL CONCERNS 
 

While AI-powered adaptive learning holds transformative 

potential, it also introduces several ethical, social, and 

technological risks that must be proactively addressed. 

Responsible implementation requires institutions to 

recognize these concerns and design safeguards to 

uphold fairness, security, and inclusivity in higher 

education. 

7.1  |   Data Privacy: Protecting Sensitive 

Learner Data 
 

Adaptive learning systems rely heavily on the continuous 

collection and processing of learner data—including 

behavioral logs, assessment records, and personal 

identifiers. This raises significant concerns around data 

privacy, particularly in the absence of strong regulatory 

frameworks. Unauthorized access or misuse of 

educational data can lead to breaches of confidentiality, 

profiling, and long-term reputational harm for students 

[24]. In contexts like Bangladesh, where data protection 

laws are still evolving, universities must adopt best 

practices such as data anonymization, encryption, and 

strict access controls. Transparency in data usage and 

consent mechanisms are essential to building learner 

trust and ensuring compliance with international privacy 

standards such as GDPR [25]. 

 

7.2  |  Algorithmic Bias: Risk of Reinforcing 

Inequalities 
 

AI algorithms are only as fair and effective as the data 

and assumptions upon which they are built. If historical 

data used to train models reflects societal or institutional 

biases, these may be perpetuated or even amplified by 

the system. For example, students from 

underrepresented regions or with less exposure to digital 

environments may be inaccurately flagged as low 

performers, thereby receiving suboptimal learning paths 

[26]. Studies have shown that biased training datasets 

can negatively impact female students, minority groups, 

and language-diverse populations [27]. The university 

must implement bias auditing, diversify training datasets, 

and ensure algorithmic transparency to mitigate these 

risks. 

 

7.3  |   Equity Issues: Digital Access and 

Infrastructure Gaps 
 

Adaptive systems presuppose equitable access to digital 

tools—stable internet, functional devices, and digital 

literacy. However, in Bangladesh, many students still lack 

reliable access to such infrastructure, especially those in 

rural or low-income areas. This digital divide risks 

deepening educational inequalities, as students with poor 

connectivity or older devices may not fully benefit from 

adaptive learning platforms [28]. To prevent exclusion, 

institutions must develop offline-compatible modules, 

provide device support, and invest in community-based 

learning centers. The university can also consider hybrid 

delivery models where adaptive learning supplements, 

rather than replaces, human-led instruction. 

7.4  |  Overdependence on Technology: 

Undermining Human Agency 
 

Although AI can enhance instruction, overreliance may 

diminish the human aspects of education, such as 

empathy, mentorship, and critical thinking. Excessive 

automation risks reducing the role of educators to mere 

content facilitators, while students may come to rely too 
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heavily on system-generated feedback rather than 

engaging in reflective learning [21]. There is also a 

concern that the use of AI might narrow intellectual 

exploration by steering learners only toward 

algorithmically “optimal” paths. It is therefore essential 

that AI tools be designed to augment, not replace, human 

judgment. Faculty should retain oversight of learning 

decisions and be trained to balance technological inputs 

with pedagogical intuition. 

 

8  |  POLICY RECOMMENDATIONS 
 

To ensure a successful, scalable, and equitable rollout of 

AI-powered adaptive learning in Bangladesh’s higher 

education sector, a comprehensive and forward-looking 

policy framework must be developed with an explicit 

emphasis on AI-driven educational structures. Such a 

framework should move beyond merely permitting the 

use of artificial intelligence technologies and instead 

define clear standards for data governance, algorithmic 

transparency, system interoperability, and accountability 

mechanisms. Given that AI systems rely heavily on large 

volumes of student data—ranging from academic 

performance to behavioral analytics—robust policies 

must safeguard privacy, prevent algorithmic bias, and 

ensure that automated decisions remain explainable and 

auditable. Furthermore, national guidelines should 

articulate quality benchmarks for AI-based learning 

platforms, including validation of adaptive algorithms, 

continuous monitoring of system performance, and 

alignment with national qualification standards. 

Establishing centralized regulatory oversight, possibly 

through a dedicated digital education authority or AI-in- 

education taskforce, would help maintain consistency 

and trust across public and private institutions. 

 

In parallel, the policy framework must address financial 

sustainability and institutional capacity-building to 

support an AI-driven academic ecosystem. This includes 

allocating dedicated funding for digital infrastructure, 

cloud-based learning environments, secure data storage, 

and high-speed connectivity, particularly for institutions in 

rural and under-resourced regions. Strategic public–

private partnerships can accelerate technology transfer 

and reduce implementation costs, while national training 

initiatives should equip faculty members, administrators, 

and technical staff with competencies in AI literacy, data 

interpretation, and adaptive instructional design. 

Importantly, policies should encourage local innovation 

by supporting research and development in AI-driven 

educational tools tailored to Bangladesh’s linguistic, 

cultural, and socio-economic context. By integrating 

regulatory safeguards, financial investment, and human 

capital development within a unified strategy, 

Bangladesh can foster a resilient, ethical, and inclusive 

AI-enhanced higher education system capable of 

responding dynamically to the evolving demands of 

learners and the global knowledge economy. 

 

8.1  |  Regulatory Support: National Standards 

for AI in Education 

 

The University Grants Commission (UGC) and the 

Ministry of Education should lead the development of 

national standards and guidelines for the ethical and 

effective use of AI in higher education. These regulations 

should cover: 

• Data privacy and student consent protocols, 

• Evaluation and accreditation criteria for adaptive 

platforms, 

• Transparency and explainability of AI models. 

 

Such a regulatory framework will not only protect 

stakeholders but also foster institutional confidence and 

public trust. UNESCO recommends establishing AI-

readiness benchmarks and regulatory oversight bodies at 

the national level to guide responsible AI integration in 

education systems [29]. UGC could pilot a set of 

guidelines modeled on international standards such as 

those from the OECD and IEEE’s Ethically Aligned 

Design initiative [30]. 

 

8.2  |  Incentive Programs: Financial Stimuli for 

Early Adopters 
 

To catalyze innovation, the government and development 

partners should introduce competitive grant programs, 

tax incentives, and recognition awards for universities 

that pilot adaptive learning technologies. These 

incentives could fund infrastructure upgrades, content 

localization, or faculty innovation labs. 

Examples from countries like India and Malaysia show 

that targeted funding through digital innovation grants 

has accelerated the adoption of EdTech in public and 

private universities [31]. For Bangladesh, these programs 

could be aligned with the Smart Bangladesh Vision 2041 

and supported through agencies like a2i or ICT Division’s 

Innovation Fund. The university and similar institutions 

could serve as early adopters and centers of excellence. 

 

8.3  |  Capacity Building: Training for 

Educators, Administrators, and IT Staff 

 

Widespread adoption requires human capacity 

development across all institutional layers. Faculty 

members need pedagogical training in personalized 

learning and data interpretation. Administrators must 

learn how to manage AI-driven education systems, while 



JET  27 

 

IT teams should be trained in data security, algorithm 

management, and platform integration. 

 

A phased National Training Framework could be 

implemented in partnership with teacher training 

institutions, professional development organizations, and 

global ed-tech experts. The OECD and the World Bank 

emphasize that AI capacity-building should go beyond 

technical training to include digital ethics, bias mitigation, 

and inclusive education practices [32]. 

 

8.4  |  Research Funding: Evaluating Adaptive 

Learning in Local Contexts 

 

Local evidence is essential to understand the 

effectiveness and feasibility of adaptive learning in 

Bangladeshi universities. Therefore, the Ministry of 

Education, UGC, and donor agencies should allocate 

dedicated research grants for empirical studies, pilot 

evaluations, and cross-institutional collaborations on AI 

in education. 

 

This research agenda should explore student 

performance metrics, dropout patterns, rural-urban 

divides, and culturally relevant instructional design. 

Findings will help inform policy, improve system design, 

and scale best practices. A 2022 World Bank report 

stresses that evidence-based policymaking is key to 

successful EdTech interventions in developing 

economies [33]. 

 

9  |  CONCLUSION 
 

Artificial Intelligence–powered adaptive learning presents 

a promising pathway for transforming higher education in 

Bangladesh toward more personalized, inclusive, and 

data-informed learning environments. By dynamically 

tailoring instructional content based on learner behavior, 

performance, and preferences, adaptive systems can 

address limitations of traditional one-size-fits-all 

instructional models. When integrated into existing 

learning management systems and curricula, these 

technologies have the potential to improve student 

engagement, strengthen learning outcomes, and support 

faculty through actionable learning analytics. For 

universities seeking to align with national digital 

transformation initiatives such as Smart Bangladesh, 

adaptive learning offers a strategic opportunity to 

modernize teaching practices and enhance institutional 

competitiveness. 

 

However, successful implementation requires careful 

consideration of technological, institutional, and ethical 

factors. Issues related to data privacy, algorithmic bias, 

and digital access disparities must be addressed through 

robust governance frameworks and responsible AI 

practices. Institutional readiness—including faculty 

training, infrastructure development, and supportive 

policy environments—will be essential for sustainable 

adoption. Collaboration between universities, national 

regulatory bodies such as the University Grants 

Commission (UGC), and the Ministry of Education can 

help establish guidelines and incentives for the 

responsible integration of AI-driven learning 

technologies. 

 

This paper contributes to the emerging discourse on AI in 

higher education by proposing a conceptual framework 

for AI-powered adaptive learning tailored to the 

Bangladeshi higher education context. Unlike many 

global adaptive learning models designed for 

technologically advanced educational ecosystems, the 

proposed framework emphasizes localized 

contextualization by incorporating institutional readiness, 

faculty engagement, and policy alignment relevant to 

Bangladesh. The framework therefore offers both a 

theoretical foundation and a strategic roadmap for 

universities seeking to explore adaptive learning 

implementation in resource-constrained or emerging 

digital education environments. 

 

Future research should move beyond conceptual 

modeling and focus on empirical validation of adaptive 

learning systems within Bangladeshi universities. Pilot 

implementations and comparative studies examining AI-

supported classrooms versus traditional instructional 

approaches could provide evidence regarding 

improvements in student performance, engagement, and 

retention. Additionally, further investigation into 

algorithmic fairness, culturally responsive AI models, and 

sustainable institutional deployment strategies will be 

crucial to ensure that adaptive learning technologies 

promote equitable and inclusive educational outcomes. 
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