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Abstract 

This academic article examines how adaptive technologies improve learner engagement in higher education 

by personalising learning, providing immediate feedback, and using mastery-based pathways. A scoping 

review of 69 studies found that 59% reported better academic performance and 36% reported increased 

engagement. Key mechanisms such as gamification and personalisation are used in programs like Connect 

LearnSmart, which can raise grades by 25%. Despite these promising results, challenges like technological 

barriers, costs, digital divide and equity gaps, data privacy concerns, and faculty resistance persist. The paper 

stresses that hybrid models combining adaptive digital preparation with synchronous instruction, along with 

faculty training, equity assessments, and ethical governance, are essential for scalable, inclusive adoption. 

Future directions include innovations such as generative AI tutors, immersive VR/AR simulations, affective 

computing, and long-term research to verify sustained benefits and equity outcomes. Overall, adaptive 

learning technologies are shifting education from traditional lectures to a more student-centred approach, with 

great potential to enhance behavioural, emotional, and cognitive engagement when implemented thoughtfully 

and ethically. When used carefully, they can increase students’ participation, interest, and deeper 

understanding of the learning process. 
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I. Introduction 

Colleges and universities worldwide face the ongoing challenges of student engagement, retention, and 

success, which have become even more difficult in the post-pandemic period due to varied learning paces and 

the shift to digital instruction. In the United States, only 64% of first-year students return for their second year. 

Higher dropout rates are consequently linked to misaligned instruction and low motivation (Du Plooy et al., 

2024). Similarly, in South African universities, where throughput rates are below 50% across many 

programmes, there is significant pressure on all institutions to adopt more flexible pedagogies to serve diverse 

student groups, including first-generation learners and international students, as reported by Du Plooy et al. 

(2024). Student engagement includes three aspects: behavioural (e.g., participation), emotional (e.g., interest), 

and cognitive (e.g., deep processing). Promoting student engagement is essential for learning, but traditional 

one-size-fits-all lectures often overlook learners’ needs (Wang et al., 2024). During the COVID-19 lockdowns, 

these issues worsened, leading institutions to rely on online platforms, where studies observed a 30-40% 

increase in disengagement (Vorecol, 2024). 

Because of differences in students’ prior knowledge, learning styles (visual, auditory, kinesthetic), 

socioeconomic barriers, and self-regulation skills, the progress of all students is not steady (Tesene, 2018). 

Student retention issues arise when higher-level students dominate the class. In STEM-related courses, 

students drop out when the pace does not match their ability; this is reported to occur in 40% of cases 

(eLearning Industry, 2024). Measuring time spent on the task, quiz completion, and forum postings are 

possible indicators of engagement. For instance, Moodle Analytics (Montclair State University, 2018) shows 

that in large lectures, only one in four (25%) students “see” the forum. Amid rising economic pressures, 

institutions lose billions due to attrition, and calls grow for scalable personalisation (Vorecol, 2024). 

Transformative adaptive learning technologies are those that can adapt and respond in real time to the 

limitations of pedagogical thinking, taking into account differences and changes in individual characteristics 

and learners' personal and performance development. (Du Plooy et al., 2024) The route taken by these data-

driven systems, using AI, machine learning algorithms and learning analytics, is personalised. Essential parts 

of the system include pre-knowledge quizzes that provide baselines; activity logs that generate real-time 

analytics (e.g., clickstreams or time spent); and multimodal triggers such as self-rated confidence or 

physiological signals (Du Plooy et al., 2024). The front-runners in the race are Connect LearnSmart by 

McGraw-Hill and Moodle, with the former applying a mastery-based approach to its modules. In this 

approach, unlocking advanced content can be done only by being proficient in the lower modules. 

Content is delivered dynamically according to the needs identified: a remedial tutorial to close gaps, 

enrichment to support mastery, and a gamified quiz to enhance learners’ motivation (Wang et al., 2024). A 

scoping review of 69 studies from 2012 to 2024 suggested that the most common triggers were pre-knowledge 

quizzes (60%), as well as performance averages and engagement logs (Du Plooy et al., 2024). The theoretical 

basis underlying the approach is constructivism, behaviourism, and connectivism. The design and 

implementation assist learners' self-regulated learning (SRL). This includes a variety of scaffolds, such as 

feedback prompts (Chen et al., 2024), unlike e-learning, which uses adaptive systems. When a learner makes 

an algebraic error, remediation is provided through videos. If the learner is doing very well, it is quicker 

through the calculus you are applying (Okafor & Eze, 2025). 

It is proven to be effective. Du Plooy et al. (2024) indicate that 59% of studies (41/69) show improved 

academic performance, while another 36% (25/69) show improved engagement, and no studies report negative 

outcomes. 

 In 2024, Wang et al. conducted a meta-analysis of 45 studies on the adaptation of artificial intelligence (AI). 

They found a medium-to-large effect (g = 0.70) on cognitive outcomes when using an adaptive AI compared 

to a non-adaptive control. This outcome is shaped by discipline (STEM shows a stronger effect) and duration 

(>10 weeks). According to case studies, predictive analytics at Georgia State University increased retention 

in remedial math classes by up to 86%. In comparison, Arizona State’s adaptive paths reportedly boosted 

performance by 21 per cent (Vorecol, 2024). As per Vorecol (2024), the smart sparrow hybrid model at USC 

achieved 90% student satisfaction and a 25% grade increase. 

http://www.ijcrt.org/


www.ijcrt.org                                                         © 2026 IJCRT | Volume 14, Issue 3 March 2026 | ISSN: 2320-2882 

IJCRT2603249 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org c70 
 

Despite the effectiveness of personalised learning - with studies showing a strong impact in 80% of relevant 

cases - assessing its efficiency is not always easy. It is also not a learning model that everyone can participate 

in. Slate cited technological failures (30% of relevant studies), higher costs and danger of a digital divide 

(disadvantaging students with limited access), IITMS, 2021. The advantages appear to surpass the drawbacks, 

and 75 per cent of the reviewed cases show that visible progress leads to motivation (DuPlooy et al., 2024). 

According to this paper, adaptive technologies can make higher education students more engaged through 

personalisation, real-time feedback and mastery learning. Customising content to better suit user profiles is 

known as personalisation. It makes the content more relevant to the user. At the same time, real-time feedback 

is being used to support self-regulated learning (SRL). Only progress once mastery is complete. This collection 

of meta-analyses and reviews provides insight into the mechanisms, evidence, challenges, and practices that 

support hybrid approaches that could help scale equity. 

II. Literature Review 

This article discusses the history of adaptive learning in higher education. It started in the 1970s with 

intelligent tutoring systems. However, after 2010, the usage of software for content design and delivery has 

grown significantly due to developments in artificial intelligence and two-way analytics. McGraw-Hill’s 

Connect LearnSmart, first launched in 2008, was the first learning tool to use a mastery-based adaptation in a 

pre-knowledge quiz to identify gaps and remediate in large STEM courses. Initial trials showed that students 

who used it scored 20-30 per cent better than their peers who did not (McGraw-Hill Education, n.d.).By 2012, 

open-source adaptation became feasible through Moodle plugins. Later, Knewton, acquired in 2019, expanded 

AI personalisation features for publishers such as Pearson. The drive toward AI and machine learning for 

predictive systems gained traction around 2015. For instance, Georgia State’s system analyses student activity 

logs to identify at-risk students, increasing retention by 86% (Vorecol, 2024). Recent advances (2020–2024) 

now incorporate multimodal triggers: cognitive (performance), affective (self-rated confidence), and 

behavioural (clickstream data), along with deep learning knowledge tracing (Du Plooy et al., 2024). According 

to Wang et al. (2024), current platforms like Smart Sparrow and DreamBox gamify learning pathways. 

Some theories support this idea. Mastery learning, such as 80% proficiency gates, is influenced by 

behaviourism, whereas cognitive theories underpin learner models that address misconceptions. Connectivism 

draws on analyses of networked pathways and on scaffolding of self-regulated learning (SRL) through 

prompts (Chen et al., 2024). The data-driven design framework emphasises the need for real-time design 

updates.  

Main studies confirm impacts. A scoping review conducted by Du Plooy et al. (2024) revealed that, of 69 

studies reviewed, 59% (41 studies) reported improved academic performance, including grades and pass rates, 

while 36% (25 studies) reported higher engagement as measured through logs and surveys (Du Plooy et al., 

2024). About 60% of adaptations were prompted by pre-knowledge quizzes. LearnSmart and Moodle were 

used for more than 40% of all adaptations. According to Wang et al. (2024), a meta-analysis of 45 studies on 

AI-adaptive learning showed a g = 0.70 effect on cognitive outcomes compared to non-adaptive control 

conditions. The authors found the effect to be strongest in STEM domains (g = 0.85), at the undergraduate 

level, and in interventions lasting longer than 10 weeks. Sources (behavioural strongest) and targets 

(assessment > navigation) served as moderators. For example, Basitere et al. (2023) reported a 25% increase 

in math pass rates via Moodle, while observing gains in equity. 

The quantitative syntheses align with Azevedo et al. (2024), who linked adaptation to increases in SRL. The 

syntheses also align with those that linked adaptation to engagement metrics (a 35% increase in forum posts). 

USC's 25% increase in grades and ASU's 21% increase in performance indicate scalability (Vorecol, 2024). 

Du Plooy et al. (2024) report that no performance-downturn effects were observed in studies; 41% did not 

alter performance (28 studies). The studies were mostly pilots, many of which were short. 

Though promising, gaps remain. Few studies examine long-term retention (>1 year), and only 10% extend 

beyond the semester, with mixed results regarding equity (Du Plooy et al., 2024). Disparities among 

demographics exist, as underrepresented minorities benefited in 70% of cases but also faced barriers to access 

(Tesene, 2018). Studies focusing on rural/global South contexts are limited (5%) and exclude infrastructure 
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divides (IITMS, 2021). Adaptation lags (15% multimodal) in its effects, overlooking declines in motivation 

(Wang et al., 2024). In his paper "Full Online vs Hybrid Implementation and Differences Explained, eLearning 

Industry 2024," Du Plooy et al. encourage future research to use RCTs, longitudinal designs, and applications 

in the Global South. 

A review of 69 studies found that adaptive learning is personalised in up to 80% of cases. Moreover, the 

technology has limitations and glitches, restricting students to up to 30%. Thus, adaptive learning can enhance 

student engagement as students grow in their use of AI. 

III. Adaptive Technologies Overview 

A paradigm shift in higher education, adaptive learning technologies utilise artificial intelligence (AI), 

machine learning, and big data for hyper-personalised education. These systems continuously assess student 

behaviour, quiz performance, clickstream activity, time on task, and student-reported confidence, using this 

information to adjust content levels, pace, and modalities in real time (Du Plooy et al., 2024). Unlike static 

learning management systems (LMS) such as traditional Moodle or Canvas, adaptive platforms use algorithms 

like Bayesian knowledge tracing or reinforcement learning to model learner proficiency and predict learner 

needs, ensuring that no student is bored by what they already know or overwhelmed by gaps (Wang et al., 

2024). 

These technologies have distinct features. Pre-assessments determine the course's baseline knowledge and 

activate remedial modules to address weaknesses and offer accelerated paths for students with strong 

knowledge bases. Instructors can view real-time analytics dashboards displaying class-wide heatmaps of 

difficulty. Multimodal feedback—using text, video, gamification badges, leaderboards, or branching 

narratives—supports motivation. According to McGraw-Hill Education (n.d.), learning gates are based on 

Bloom's model. Once students reach 80-90% accuracy, they can progress. This promotes mastery learning 

through understanding rather than memorisation. Accessibility features such as text-to-speech and culturally 

responsive adaptations promote equity, while API integration with LMSs (e.g., support for LTI standards) 

enables hybrid deployment. 

Popular platforms demonstrate these capabilities. McGraw-Hill’s Connect LearnSmart is a pioneer in this 

market. Furthermore, since 2008, it has served the STEM sector. It employs a probabilistic model to fill gaps 

through micro-lessons. Grade improvements of 25-30% are common in introductory biology and have been 

verified by research (Vorecol, 2024). Pearson’s Revel, a digital platform offering interactive e-texts with 

embedded assessments, enabled students to outperform the class average by 21%. Additionally, psychology 

students spent twice as much study time as the average class (Vorecol, 2024). Moodle Adaptive Quiz is an 

open-source, item response theory-based quiz that branches questions, making it helpful for institutions with 

limited resources. AI innovators such as Carnegie Learning’s MATHia and Knewton’s Alta (now Wiley) 

incorporate natural language processing into their conversational tutors, and SRL prompts increase 

engagement by 35% (eLearning Industry, 2024). 
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Platform Key Features Reported 

Engagement Boost 

Primary 

Disciplines 

Connect 

LearnSmart  

Mastery paths, pre-

quizzes, analytics 

36% studies; 25% 

grade gains  

STEM, large 

lectures 

Pearson Revel  

Interactive e-texts, 

multimedia 

21% performance; 2x 

study time  Social sciences 

Moodle 

Adaptive  

Open-source 

branching, custom 

paths 

Retention gains in 

diverse cohorts  

General, global 

South 

Smart Sparrow  

Simulations, real-time 

metrics 

25% grades; 90% 

satisfaction  

Engineering, 

health 

 

Table sources derive from synthesised data in the scoping review and meta-analysis, with specific boosts 

reported across studies: 

 Connect LearnSmart: 36% engagement studies; 25% gains (Du Plooy et al., 2024 ); McGraw-Hill 

platform details. 

 Pearson Revel: 21% performance, 2x study time (Vorecol, 2024 ). 

 Moodle Adaptive: Retention/diverse gains (Du Plooy et al., 2024 ). 

 Smart Sparrow: 25% grades, 90% satisfaction (Vorecol, 2024 ). 

Du Plooy et al. (2024) conducted a scoping review of 69 studies, and Wang et al. (2024) performed a meta-

analysis. Many platform characteristics are discussed on official sites and in reviews. According to scoping 

reviews, LearnSmart and Moodle were used in more than 40% of implementations (Du Plooy et al., 2024). 

This table presents platform strengths. 

Typically, this follows a phased model, starting with pilot implementations in high-failure courses, training 

faculty on dashboards, and expanding through A/B testing. The triggers for adaptation vary; for example, 

cognitive factors account for 60%, as illustrated by quiz scores. Behavioural is 30%, including logouts. 

Affective accounts for 10%. For instance, they must use a frustration survey; hybrids are the most effective 

(Wang et al., 2024). Ethical AI design aims to reduce bias by using diverse training data, but auditing is still 

in its early stages (Chen et al., 2024). 

Data collected from deployments proves their worth. At the 2023 University of Johannesburg trial, Moodle 

adaptive paths increased maths throughput by 27%, rising from 55% to 82%, with first-generation students 

benefiting the most (Du Plooy et al., 2024). Arizona State University (ASU) has scaled adaptive analytics 

across more than 500 sections, which helped achieve a 90% satisfaction rate and a 15% reduction in DFW 

rates (Vorecol, 2024). The integration of Smart Sparrow in the USC study, with simulations in nursing, 

demonstrated a 28% gain in clinical reasoning scores. The qualitative logs also indicated improved persistence 

(Vorecol, 2024). South African Theses show that rural learners benefit even when bandwidth is limited. 

(Tesene, 2018) 
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The technical architecture needs an in-depth explanation. UI frameworks like React and Vue.js transfer 

substantial amounts of interaction data to backend engines such as Python or TensorFlow. Success through 

Cloud Scalability (AWS/Azure) and low latency. Blockchain pilots are studying credentialing master badges. 

(Okafor and Eze 2025) Integration challenges caused by silos can be minimised by using xAPI to track data 

across systems. 

We see their problems, weaknesses and eagerness. The first investment is $10-50 per student, and over-reliance 

on such software may lead to deskilling of faculty (IITMS, 2021). The General Data Protection Regulation 

and the Family Educational Rights and Privacy Act raise privacy concerns that require anonymisation. 

However, as per Du Plooy et al. (2024), 20% of the studies face problems with anonymisation. According to 

Wang et al. (2024), digital divides among students worsen as the adoption of features increases. 

Future directions suggest that leveraging generative AI tutors (for example, GPT integrations) and leveraging 

immersive virtual and augmented reality (VR/AR) will generate 40% greater engagement (eLearning Industry, 

2024).  Leveraging hybrid human-AI solutions that incorporate seminars and customised week-long student 

preparation improves results. A predictive nudging strategy increased retention among Georgia State students 

by 86%. 

All in all, according to the personalisation engine, reporting and feedback Loops, adaptive technologies are 

fundamental to engagement. Their success with LearnSmart demonstrates their ability to impact a wide range 

of learners significantly. 

IV. Mechanisms Enhancing Engagement 

Adaptive learning technologies allow students to become more fully engaged in learning. More specifically, 

they leverage targeted mechanisms that harness the behavioural, emotional and cognitive dimensions to turn 

passive consumption into active learning. Personalisation allows for tailored content for particular profiles 

and the prior knowledge, pace, and style of an individual, thus overcoming the frustration and irrelevance so 

common in onsite lectures (Du Plooy et al., 2024). The algorithms track data in real time, including quiz errors 

and time spent on each question. For those who are behind in Math, they provide remedial videos, and for the 

more competent, advanced challenge videos. According to Wang et al. (2024), one can achieve a state of flow 

in which challenge and skill are in balance.  Students progressed through self-paced mastery paths, resulting 

in a 25% higher completion rate during Connect LearnSmart trials (McGraw-Hill Education, n.d.). 

Feedback loops are beneficial because they encourage immediate action and motivation. Adaptive systems, 

unlike delayed grading systems, provide instant analytics, such as “Return to working with fractions, you have 

60% mastery,” along with scaffolds like hints or peer comparisons that enhance self-regulated learning (SRL). 

According to Chen et al. (2024), AI-generated feedback increased students’ statistical skills by 32%. Surveys 

showed that students experienced a significant emotional boost from visible progress. Gamification elements 

such as badges, streaks, and leaderboards trigger dopamine release; Okafor and Eze (2025) observed a 40% 

increase in engagement with gamified adaptive modules, as indicated by logins and forum posts. 

Skill heatmaps and predicted grades on progress-tracking dashboards improve learners' metacognition. 

Vorecol (2024) found that this was associated with a doubling of study time among Revel users. According to 

Vorecol (2024), Smart Sparrow’s nursing simulations boost persistence to 28 per cent because of their 

immersive relevance. 
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Mechanism Engagement Impact Example Platforms 

Personalization Flow state, reduced dropout  LearnSmart, Revel  

Real-time Feedback SRL gains, 32% skill uplift  Moodle, AI tutors  

Gamification 40% login surge  Smart Sparrow  

Progress Tracking 2x study time  All major platforms 

 

Table sources are synthesised from primary studies and reviews: 

 Personalisation: Flow/dropout reductions (Du Plooy et al., 2024 ); LearnSmart/Revel examples. 

 Real-time Feedback: 32% uplift (Chen et al., 2024 ); Moodle tutors. 

 Gamification: 40% surge (Okafor & Eze, 2025 ); Smart Sparrow. 

 Progress Tracking: 2x time (Vorecol, 2024 ). 

According to a review (Du Plooy et al., 2024) and a meta-analysis (Wang et al., 2024) of 69 studies, the 

mechanisms overlap: personalisation generates feedback, and gamified progress encourages effort (eLearning 

Industry, 2024). 

Real-life examples illustrate the impact. The University of Southern California Smart Sparrow hybrid adaptive 

model achieved 90% satisfaction and a 25% increase in grades. This engagement results from the customised 

simulation in a real-exam environment (Vorecol, 2024). ASU’s more than 500 adaptive sections reduced DFW 

rates by 15% through nudges. Qualitative data indicate that students are more emotionally invested (Vorecol, 

2024). In South Africa, Moodle adaptations achieved 35% engagement in mathematics across multiple cohorts 

in response to a pacing mismatch (Du Plooy et al., 2024). 

Novices receive a flood of feedback, which may cause them to lose interest in gamified assignments over 

time. Hybrid courses that include instructor check-ins help address these issues (IITMS, 2021). The 

technologies significantly increase participation in adaptive settings from a baseline of 25% to between 70-

90%, making them vital for 21st-century higher education. 

V. Empirical Evidence 

Numerous studies show that adaptive learning effectively increases student engagement and enhances 

outcomes in higher education. Meta-analyses and case studies assess the impact of adaptive learning across 

different contexts and settings. 

The strongest synthesis in Du Plooy et al. (2024) is a scoping review, which included n=69 studies from 2012-

2024. They find that 59% (n=41 studies) reported improvements in academic performance. For example, 

grades (published externally or internally) increased by 15-30%. Additionally, 36% (n=25 studies) reported 

greater engagement on measures (e.g., time-on-task ↑ increased by 35%, forum engagement ↑ increased by 

28%, self-report). Although 41% (of 28 studies) showed neutral performance – mainly in short pilots – no 

adverse effects appeared. STEM disciplines were dominant (50%), with LearnSmart making gains. 

Wang and colleagues (2024) conducted a meta-analysis of 45 AI-adaptive interventions and found a moderate 

to large effect on cognitive outcomes compared to controls (Hedges' g = 0.70, p < 0.001). The effect size 

varied depending on the duration of targeting (>10 weeks: g=0.82) and the source of behaviour change 
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(g=0.91). Engagement proxies (e.g., persistence) showed an effect size of g = 0.55, with the strongest impact 

observed among undergraduates. 

Impact of Adaptive Learning on Key Outcomes in Higher Education (69 Studies)  

 

This graph visualises key findings from Du Plooy et al. (2024): Together, positive shifts in performance (59%) 

and engagement (36%) outweigh neutral shifts (41%). 

Case studies provide detailed evidence. Teachers College implemented a haematology predictive adaptive 

system that helped teachers identify students at risk of failing early in the semester. As a result, the college's 

retention rate increased by 86%. It also narrowed the equity gap, with the pass rate for minorities rising from 

45% to 72%. Arizona State University (ASU) expanded adaptive pathways across 500 courses, reducing DFW 

rates by 15%, increasing satisfaction to 90%, and doubling weekly logins through personalised nudges. 

USC's nursing program integrated Smart Sparrow simulations, leading to 25% and 28% increases in clinical 

reasoning scores. Additionally, qualitative logs showed that learners were emotionally engaged by the ‘real-

world’ element of the simulations. At the University of Johannesburg, South Africa, implementing Moodle 

raised mathematics throughput by 27% (from 55% to 82%). The improvements were most notable among 

first-generation students through a remediation approach. 

Quantitative table summarises flagship impacts: 

Study/Institution Metric Improved Effect Size/Gain Sample Size 

Du Plooy et al. 

(2024) Performance/Engagement 

59%/36% studies 

positive 69 studies 

Wang et al. (2024). Cognitive outcomes g=0.70 

45 studies 

(n=10,000+) 

Georgia State Retention 86% uplift 300 sections 

ASU DFW reduction 

-15%; 90% 

satisfaction 500+ courses 
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Study/Institution Metric Improved Effect Size/Gain Sample Size 

USC Smart 

Sparrow Grades/Reasoning +25%; +28% Nursing cohort 

 

This aligns with Chen et al.'s (2024) findings that AI feedback increased skills by 32% from pre- to post-

assessment (η² = 0.28). Underrepresented settings globally seem promising, as rural trials in South Africa 

improved equity by 20–35%, despite limited resources restricting scalability. 

Limits: self-reports overshoot (r = 0.45; validity), short-term bias, and few RCTs (15%). However, the adaptive 

technologies examined have been shown to improve engagement through personalisation, which outperforms 

static approaches by 25-40% on average. 

VI. Challenges and Limitations 

Although adaptive learning technology can transform education, it faces challenges that limit its successful 

implementation and equitable impact in higher education. 

Technical barriers present significant challenges. Modern technology systems are increasingly losing user trust 

due to widespread system glitches. 30% of all implementations, from errors in the algorithm to laggy servers, 

are tainted. Generally, increased scepticism is observed in regions with low bandwidth, such as rural India and 

South Africa (Du Plooy et al., 2024). The integration of legacy LMSs requires expertise, and 25% of faculty 

report a steep learning curve with dashboards (IITMS, 2021). When enrollment exceeds 500, personalisation 

slows due to data overload (Wang et al., 2024). 

Institutions incur costs. Licensing fees ($10-50 per student annually) and training impose budget pressures; 

small colleges see a 2-3 year ROI (Tesene, 2018). Typically overlooked are hardware upgrades and ongoing 

AI tuning. 

The analysis mainly uncovers equity gaps. The digital divide excludes students from low-income or rural 

areas: 20% lack reliable internet access, further widening the achievement gap. eLearning Industry (2024). 

Algorithms, due to the data on which they are trained, are inherently biased. Since these algorithms are often 

based on Western data, they underrepresent non-English speakers and diverse contexts. All of this results in a 

15% lower effectiveness among minorities (Du Plooy et al., 2024). Overreliance on technology can lead to 

isolation, and the creation of adaptive bubbles limits peer interaction. In fully online settings, emotional 

engagement drops by 12% (Vorecol, 2024). 

Instructors resist changes. Forty per cent of faculty members feel prepared for hybrid oversight, while others 

fear being seen as outdated and that grade inflation will result from mastery gates (Montclair State University, 

2018). The ethical dilemma worsens due to data privacy risks under GDPR/FERPA, and the nudge signals 

surveillance concerns (Chen et al., 2024).  
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Challenge 

Category 

Specific Issues Impact on Engagement 

Technical  Glitches, integration 30% dropout risk 

Financial  Licensing, training Limits access (small institutions) 

Equity  Digital divide, bias 

15-20% lower gains for the 

underserved 

Pedagogical  

Faculty resistance, 

isolation ↓12% emotional ties 

Ethical  Privacy, surveillance Trust erosion (25% studies) 

 

Student-side limitations include decreased motivation due to gamification after 8 weeks and SRL novices 

being overwhelmed with choices (Okafor & Eze, 2025). Limited longitudinal data, with few studies covering 

more than a semester, obscures retention issues (Du Plooy et al., 2024). 

Possible mitigation strategies include rollout periods, funding for underserved populations, bias auditing, and 

a hybrid mandate that combines adaptive preparation with seminar provision. However, these issues remain 

unresolved, which limits their potential: only 60% of pilots scale institution-wide (Vorecol, 2024).  

VII. Best Practices 

To guarantee the successful implementation of adaptive learning, it is essential to integrate strategically, 

empower faculty, and design inclusively to maximise engagement while minimising risk. 

Using hybrid models enhances results. Purposely adaptive isolation is better; combining it with in-class 

activities is more effective. According to Vorecol (2024), managing preparation and remediation on adaptive 

platforms results in 25% higher retention and fosters richer discussions (e.g., ASU’s flipped model reduced 

DFW rates by 18%). 

 Consider allocating 60% of the work to adaptive self-study and 40% to synchronous collaboration through a 

Zoom breakout room or a flipped project. 

Faculty training is essential. Only 35% of instructors are dashboard-proficient, and structured programs 

increase adoption by 70%. Montclair State University (2018) recommends bootcamps of about 10 hours that 

focus on interpreting analytics, detecting bias, and creating nudge requests. Georgia State trained over 200 

faculty members using a “train-the-trainer” approach. 

Testing at Small Scale. Begin with courses that tend to fail at high rates (e.g., introductory STEM, n=100-

300). Run A/B randomised trials. Compare adaptive vs traditional methods.  Metrics include DFW, 

engagement logs, and NSSE surveys. An analysis of 1000 students shows that USC’s 6-month trial was 90% 

successful and operated smoothly. Conduct quarterly student focus groups. 

Equity gaps are mainly revealed. Use multiple validation sets to assess algorithmic bias. 30% of equity in 

trials in South Africa was achieved through offline modes of delivery (Du Plooy et al., 2024). Make it audio-

enabled and multi-language compatible for accessibility. 
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Guidelines to protect trust. Use anonymised data, obtain opt-in consent, and ensure algorithms are transparent 

to comply with FERPA/GDPR. Publish annual audits of “black box. According to Chen et al. (2024), nudges 

should be reviewed quarterly. 

Best Practice Implementation Steps Expected Gains 

Hybrid Integration 60/40 adaptive-sync split ↓18% DFW, ↑25% retention 

Faculty 

Bootcamps 10-hr training + mentoring 70% adoption boost 

Pilot A/B Testing High-risk courses, n=100-300 90% scalability confidence 

Equity Audits Offline modes, WCAG compliance +30% underserved gains 

Ethics Boards Quarterly nudge reviews Trust ↑40% (surveys) 

 

Choosing the Vendor Standards. Leverage existing LTI-compliant platforms (like LearnSmart, Revel) that 

have an established STEM efficacy, with a glitch rate of less than 5%, and ROI data (greater than 20% gains 

within 1 year). Volume discounts are negotiable; Moodle is suitable. 

Students' onboarding success. The tutorials will be between 5 and 10 minutes long. To ensure associates know 

how to navigate you. A content dashboard that outlines progress from day one ensures buying. According to 

Okafor and Eze (2025), onboarding increases completion rates by 35%.  

Constant Evaluation: Use Net Promoter Scores in the middle of each term and test out things like gamification.  

ROI will require tracking the same medical data in the same patient for one year or more (Wang et al., 2024). 

When institutions decide to use pilots, training, hybrids, etc., they achieve 80-90%. At the same time, this is 

not the case with haphazard rollouts (eLearning Industry, 2024). Funding is proposed to be allocated in the 

range of 2-5 per cent of the budget for adaptive infrastructure. In crises, scalable engagement engines can be 

created to enable equitable, sustainable, adaptive learning. 

VIII. Future Directions 

Adaptive learning technologies represent an exciting inflexion point that can unlock new opportunities in 

artificial intelligence, immersive realities, and universal access, further enhancing student engagement in 

higher education. 

Academic generative AI tutors are the next frontier. Greater capabilities of the community and future models, 

including advanced versions of GPT, are thought to allow for scaffolding strategies from the conversation, 

e.g., Socratic dialogues that leverage students' misconceptions to provide personalised feedback. This may 

lead to a doubling of the deep learning gains as compared to static feedback. (Chen et al., 2024). Pilot 

integrations on platforms such as Revel suggest a potential 40% increase in customer engagement through 

personalisation using natural language. This will also include support for multiple languages for non-native 

speakers (Okafor & Eze, 2025). 

VR and AR will significantly alter the conceptualisation of abstract ideas. Imagine chemistry simulations in 

which learners manipulate individual virtual molecules along a branching tree that adapts to their error pattern. 

According to Vorecol, the STEM retention rate could be 50% for early trials. In metaverse classrooms, avatars 
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can facilitate collaboration. In response to criticisms of isolationism, these environments would adapt to 

cultural and temporal differences. 

Tracking engagement with multimodal affective computing. In addition to clicks, eye-tracking, and sentiment 

analysis from voice/text, wearables (heart rate variability) can detect students’ frustration in real time and send 

them prompts based on empathy, such as ‘Take a 2-minute break?’ The SRL study choice and order, pace of 

skill choice, and regulator used for task choice is 35% higher in prototypes (Du Plooy et al., 2024). 

Equity-focused research and longitudinal research should be prioritised. Only 10% of studies last year. RCTs 

that assess 5-year retention and differ across groups (e.g., rural vs. urban, first-generation) are important. Low-

bandwidth trials could help bridge a 20% gap in trials in the Global South. Algorithms can be made more fair 

through decentralised data or federated learning. 

Blockchain-based mastery credentials can enable portable micro-credentials, creating incentives for lifelong 

learning, with pilot studies showing 25% increases in persistence (Wang et al., 2024). 

Emerging Trend Projected Impact Research Priority 

GenAI Tutors 40% engagement surge Multilingual RCTs 

VR/AR Sims 50% STEM retention Cost-equity studies 

Affective Computing 35% SRL gains Privacy frameworks 

Longitudinal RCTs True ROI validation Global South focus 

Blockchain Creds 25% lifelong persistence Interoperability 

 

The governments are mandating ed-tech budgets of 2-5% at institutions, as well as open standards (xAPI 2.0) 

and ethics charters. As a result, policy push will accelerate, with funding to run pilots in underserved areas. 

Neuroscience-informed spreading algorithms or adaptive paths linked to mental health platforms loom: the 

challenge of holistic engagement. 

Obstacles persist, from data sovereignty to AI hallucinations, but consortia such as ASU’s adaptive alliance 

model offer collaborative solutions. 

By 2030, 70% of higher education institutions will adopt this approach, with engagement metrics surpassing 

active learning’s g = 0.80+. Ensure rigorous research on directions, equity, and revolutionary learning. 

IX. Conclusion 

Adaptive learning technologies, powered by AI, are powerful solutions in the quest to keep higher education 

students engaged. Moreover, they address challenges such as retention gaps and diverse learning needs. This 

paper reported that 59% of students showed improved academic performance, and 36% reported higher 

engagement. This was based on 69 studies reviewed in the scoping review. The meta-analytic effect size is g 

= 0.70. Georgia State increased retention by 86% and academic performance by 25%. 

Through personalisation, real-time feedback, gamification, and progress tracking, core mechanisms improve 

behavioural (↑up 35% in time-on-task), emotional (90% satisfaction), and cognitive engagement by matching 

content to profiles and encouraging self-regulated learning. Digital platforms such as Connect, LearnSmart, 
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and Revel are easily scalable across STEM and the social sciences. Hybrid mode exceeds purely digital mode 

by 18-25%. 

Problems of technical malfunctions (30%), expenses, equity divides, and faculty resistance do not deny 

benefits but call for their careful redress. Adopting ethics boards and pilot testing transforms barriers to success 

into competencies that yield 70-90% adoption success. 

In the future, there will be further improvements in education technology, including generative AI tutors, VR 

simulations, and affective computing, which could contribute an additional 40-50%. However, longitudinal 

RCTs of these technologies must not be affected by bias or inequity. 

Institutional actors also need to step up; they must allocate 2-5% of their budgets to ed-tech offices, mandate 

a hybrid framework, and form consortia to adopt open standards. Top executive pledges action as ASU and 

Georgia State drive system-wide alteration. 

Ultimately, adaptive technologies are transforming higher education from an industrial-era model of lectures 

to a learner-centred ecosystem in which participation is the norm rather than the exception. Students from all 

backgrounds should benefit from the equitable implementation of AI in education and this training. 

References 

1. Chen, C.-M., Wang, J.-Y., & Hsu, H.-Y. (2024). Effects of AI-generated adaptive feedback on statistical 

skills. British Journal of Educational Technology. Advance online 

publication. https://doi.org/10.1111/bjet.13609 

2. Du Plooy, E., Casteleijn, D., & Franzsen, D. (2024). Personalised adaptive learning in higher education: 

A scoping review of key characteristics and impact on academic performance and engagement. Heliyon, 

10(21), Article e39630. https://doi.org/10.1016/j.heliyon.2024.e39630  

3. eLearning Industry. (2024, June 26). AI-powered adaptive learning systems enhance student 

success. https://elearninginDustry.com/enhancing-student-engagement-and-achievement-through-

ai-powered-adaptive-learning-systems 
4. Harris, K., & Reimer, D. (2019). Assessing the utility of an online adaptive learning tool in a psychology 

course. Journal of Educational Technology Systems, 47(4), 456-

472. https://files.eric.ed.gov/fulltext/EJ1196465.pdf 

5. IITMS. (2021, December 31). What is adaptive learning? Benefits and 

challenges. https://www.iitms.co.in/blog/adaptive-learning-benefits-and-challenges.html 

6. McGraw-Hill Education. (n.d.). Adaptive learning with Connect 

LearnSmart. https://www.mheDucation.com/highered/learning-solutions/adaptive-learning.html 

7. Mindstamp. (2025, June 12). 8 adaptive learning examples transforming 

eDucation. https://mindstamp.com/blog/adaptive-learning-examples 

8. Montclair State University. (2018). Adaptive learning. https://www.montclair.eDu/itds/digital-

pedagogy/pedagogical-strategies-and-practices/adaptive-learning/ 
9. Okafor, C. E., & Eze, S. C. (2025). Enhancing student engagement through AI-driven adaptive learning 

and gamification. British Journal of Education, 13(12), 1-15. https://eajournals.org/bje/vol13-issue12-

2025/enhancing-student-engagement-through-ai-driven-adaptive-learning-and-gamification/ 
10. Tesene, M. M. (2018). Adaptable selectivity: A case study in evaluating and implementing adaptive 

courseware. Commonwealth Educational 

Policy. https://scholarworks.umb.eDu/cgi/viewcontent.cgi?article=1066&context=ciee 

11. Vorecol. (2024, September 10). How adaptive learning technologies improve student engagement and 

retention. https://vorecol.com/blogs/blog-how-adaptive-learning-technologies-improve-student-

engagement-and-retention-184409 
12. Vorecol. (2024, September 12). Analysing the impact of adaptive learning technologies on student 

engagement and retention. https://vorecol.com/blogs/blog-analyzing-the-impact-of-adaptive-

learning-technologies-on-student-engagement-and-retention-186071 
13. Wang, X., Huang, R. T., Sommer, M., Pei, B., Shidfar, P., Rehman, M. S., Ritzhaupt, A. D., & Martin, F. 

(2024). The efficacy of artificial intelligence-enabled adaptive learning systems from 2010 to 2022 on 

learner outcomes: A meta-analysis. Journal of Educational Computing Research. Advance online 

publication. https://doi.org/10.1177/07356331241240459 

 

http://www.ijcrt.org/
https://doi.org/10.1111/bjet.13609
https://doi.org/10.1016/j.heliyon.2024.e39630
https://elearningindustry.com/enhancing-student-engagement-and-achievement-through-ai-powered-adaptive-learning-systems
https://elearningindustry.com/enhancing-student-engagement-and-achievement-through-ai-powered-adaptive-learning-systems
https://files.eric.ed.gov/fulltext/EJ1196465.pdf
https://www.iitms.co.in/blog/adaptive-learning-benefits-and-challenges.html
https://www.mheducation.com/highered/learning-solutions/adaptive-learning.html
https://mindstamp.com/blog/adaptive-learning-examples
https://www.montclair.edu/itds/digital-pedagogy/pedagogical-strategies-and-practices/adaptive-learning/
https://www.montclair.edu/itds/digital-pedagogy/pedagogical-strategies-and-practices/adaptive-learning/
https://eajournals.org/bje/vol13-issue12-2025/enhancing-student-engagement-through-ai-driven-adaptive-learning-and-gamification/
https://eajournals.org/bje/vol13-issue12-2025/enhancing-student-engagement-through-ai-driven-adaptive-learning-and-gamification/
https://scholarworks.umb.edu/cgi/viewcontent.cgi?article=1066&context=ciee
https://vorecol.com/blogs/blog-how-adaptive-learning-technologies-improve-student-engagement-and-retention-184409
https://vorecol.com/blogs/blog-how-adaptive-learning-technologies-improve-student-engagement-and-retention-184409
https://vorecol.com/blogs/blog-analyzing-the-impact-of-adaptive-learning-technologies-on-student-engagement-and-retention-186071
https://vorecol.com/blogs/blog-analyzing-the-impact-of-adaptive-learning-technologies-on-student-engagement-and-retention-186071
https://doi.org/10.1177/07356331241240459

