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Abstract. This study evaluates the impact of Al-powered adaptive learning systems
on student academic performance. The relevance of the research is driven by growing
interest in the personalization of the educational process and the need for empirical
verification of Al technology effectiveness under real-world learning conditions. The
aim of the study was to assess the effect of an adaptive learning platform on student
performance, engagement, and motivation using a quasi-experimental design
involving control and experimental groups. The methodology included pre- and post-
testing, analysis of platform behavioral data, psycho-pedagogical questionnaires, and
statistical processing using Student's t-test and analysis of variance. The results
demonstrated that the use of an Al-powered adaptive learning system contributes to a
statistically significant increase in academic performance, faster mastery of learning
material, higher learning motivation, and more sustained knowledge retention
compared to traditional instruction. The most pronounced positive effect was
observed among students with initially low levels of preparedness, suggesting the
potential of adaptive technologies to reduce educational inequality. The findings can
inform methodological guidelines for integrating Al-driven adaptive learning systems
into educational practice and the design of next-generation learning platforms.

Key words: artificial intelligence, adaptive learning, student performance, quasi-
experimental study, personalized learning, intelligent tutoring systems, learning
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HCKYCCTBEHHBIH HHTEJI/IEKT B ATAIITHBHOM OBYYEHHMU:
KBA3UIKCIIEPUMEHTA/IBHOE HCCIIE/IOBAHHUE B/INAAHHUA HA
YCIIEBAEMOCTB CTY/IEHTOB
A3zvimoe M.
IIpenooasamens xagedpvi cOBpEMEHHBIX KOMNLIOMEPHBIX MEXHOLO2UL
Meorcoynapoonwlii ynueepcumem 2yMaHumMapHulx HaAyK U pa3eumusl

Typxmenucman, Auixabao

AHHoTanusi. JlaHHOE€ MCCIEAOBAHHWE TMOCBALIEHO OLEHKE BIMSHHUS CHUCTEM
aJIalITUBHOTO O0YYEHHSI Ha OCHOBE MCKYCCTBEHHOTO MHTEIIEKTA HAa aKaJeMHYECKYIO
yCIIEBAEMOCTh  CTYIE€HTOB. AKTyaJlbHOCTb pPaOOTBl  0OYCJIOBJIEHA pPacTyIIUM
MHTEPECOM K IMEPCOHAIM3ALMUA 00pa30BaTEIBHOrO Ipolecca U HEOOXOIUMOCTBHIO
sMIOUpUYEcKol mpoBepku 3PdexktuBHocTH NU-TEeXHOMOTHH B peabHbIX Y4YEOHBIX
ycnoBusix. Llenbro uccieoBaHus ABISJIaCh OLEHKAa BO3JCHCTBUS  alallTUBHOM
m1aTGopMbl Ha yCIIEBAEMOCTh, yU€OHYIO BOBICUEHHOCTh M MOTHBAIMIO CTYACHTOB C
UCIIOJIb30BAaHUEM KBa3MAKCIEPUMEHTAIBHOTO JIM3aiiHa ¢ y4acTUEM KOHTPOJBHOU U
AKCIIEPUMEHTAJIbHOW Tpynn. MeTofonorus BKIOYala BXOJHOE M HUTOTOBOE
TECTUPOBAHUE, aHAIMU3 TMOBEJACHUYECKUX TMOKa3zarene IuaThopMbl, ICUXOJIOTO-
NEAArornyeckoe aHKETUPOBAHUE, & TAK)XKE CTATHUCTUYECKYI0 OOpabOTKYy IaHHBIX C
npuMeHenueM t-kpurepusi CThIOJeHTa W AMCIEPCHOHHOTO aHanu3a. Pe3ynbTaThl
nokasaiau, 4ro npuMmenenue MHU-cuctembl ananTUBHOrO OOyuY€HHUsS CIIOCOOCTBYET
CTaTUCTUYECKH 3HAYMMOMY POCTY YCIEBAEMOCTH, YCKOPEHHIO OCBOEHHUS y4ye€OHOIO
MaTepuasa, MOBBIIICHUIO yueOHOW MOTHBAlMM U OOJiee YCTOWYMBOMY YJEp:KaHUIO
3HQHUW TI0 CPaBHEHUIO C TPaAuIMOHHOM Mojenbio oOydeHus. Haubomee
BBIPOKECHHBIA MOJIOKHUTENbHBIA 3P (EeKT 3apUKCUpOBaH y CTYyIEHTOB C M3HAYAIBHO
HU3KMM YPOBHEM TMOJTIOTOBKHM, YTO YKa3blBaeT Ha TMOTEHIMAT aJalTHBHbBIX
TEXHOJIOTHI B COKpallleHHUH 00pa3oBaTelIbHOr0 HepaBeHCTBA. [lomyueHHbIEe NaHHbBIE

MOTYT OBITh HCIOJIB30BaHbl MpPU pa3pabOTKEe METOAMYECKHUX PEKOMEHIAIUl o
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BHenpenuto MU-cucrem amantuBHOro oOyueHHs B 0Opa30BaTENIbHYIO MPAKTUKY U
MPOEKTUPOBAHUM 00PA30BATENbHBIX MIATPOPM HOBOTO TTOKOJICHHS.
KiroueBble ciioBa:  HMCKYCCTBEHHBIM  MHTEIJIEKT, aJanTUBHOE  OOydeHHeE,
yCIIEBAEMOCTH CTYJEHTOB, KBa3UAKCIEPUMEHTAIIBHOE HCCJIEI0BAHHE,
nepcoHanu3alus 00y4YeHUsl, MHTEIUIEKTyalbHble OOy4YarolIMe CHUCTEMbI, ydeOHas

BOBHC‘IéHHOCTB, 06p8.30BaTCJ'II>HBIC TCXHOJIOTHH.

Personalization of the educational process remains one of the most pressing
challenges facing modern pedagogy. Traditional learning models, oriented towards
the average student, often neglect each student's learning progress, foundational level,
and cognitive characteristics, leading to decreased learning motivation and uneven
educational outcomes [1]. In this context, Al-based adaptive learning systems are
considered one of the most promising tools to overcome these limitations.

Despite growing interest in applying Al technology in educational practice, its
practical effectiveness remains a subject of scientific debate [2]. The complexity of
assessment lies not only in the technical implementation of adaptive algorithms but
also in the need to consider numerous related factors: students' initial levels, the
specificity of the subject area, the duration of system implementation, and the
psychological readiness of students and teachers to interact with the Al platform.
Modern research has drawn on the principles of machine learning, educational
resource exploration, and personalized learning trajectories to improve the accuracy
of learning difficulty diagnosis and the timeliness of instructional intervention [3].

Existing adaptive system implementation methods-ranging from simple content-
branching algorithms to complex neural network-based models-have demonstrated
their effectiveness in numerous empirical studies, but the results remain inconsistent.
Some studies have shown significant improvements in student academic performance
and engagement, while others have indicated limited effectiveness of these methods
outside of controlled experimental conditions [4]. In recent years, hybrid models
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combining adaptive algorithms with gamification and immediate feedback elements
have been actively explored, opening new possibilities for personalized learning
processes [5].

A rigorous experimental design is crucial, allowing for comparison of learning
outcomes between experimental and control groups while controlling for relevant
variables. This approach can more reliably assess the causal relationship between
technology use and changes in academic performance [6].

The significance of this study lies in the need to empirically test the
effectiveness of Al-based adaptive learning systems in real-world educational
environments and to provide practical recommendations for their implementation.
This study aims to evaluate the impact of Al-based adaptive learning systems on
student academic performance through a quasi-experimental design.

Artificial intelligence-based adaptive learning systems are multi-component
software packages designed to personalize learning paths based on students' current
knowledge level, learning speed, and typical errors. A key feature of such systems is
the need to combine the effectiveness of content instruction with the accuracy of
algorithmic diagnosis, as any misjudgment of student readiness can lead to
insufficient task difficulty, decreased learning motivation, or knowledge gaps [7].

One of the key factors for the effectiveness of adaptive systems is the model
behind content personalization. The most common systems are based on Bayesian
knowledge tracing, deep knowledge tracing neural network models, and hybrid
recommendation algorithms [8]. Bayesian models are widely used due to their
interpretability and low requirement for training data; however, they are weak in
capturing the complex nonlinear relationships in learning dynamics. Deep learning
neural network models can predict learning outcomes more accurately but require
larger datasets and are less transparent in terms of instructional interpretation. Hybrid
approaches balance predictive accuracy and partial interpretability but increase the

complexity of implementation and computational demands [9].
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Current research aims to improve the accuracy of learning difficulty diagnosis
by refining algorithms used for intelligent analysis of educational data and optimizing
feedback mechanisms. Using methods such as learning behavior clustering, error
pattern analysis, and natural language processing (NLP) analysis of open-ended
responses, students’ zones of proximal development can be more accurately
identified, and the risk of task difficulty calibration errors can be reduced [10].
Another important research area is the development of adaptive systems that integrate
gamification and emotion recognition (emotional computing) elements. These
systems help maintain learning motivation and promptly correct signs of student
frustration or loss of interest. Such technologies are particularly important when
standardized educational pathways fail to effectively help students from diverse
backgrounds. Analysis of the application of adaptive Al systems in educational
practice shows that the success of implementation largely depends on the quality of
the initial training materials and the correctness of the initial algorithm calibration.
Empirical studies have shown that using hybrid models combined with continuous
additional training based on the current student group behavior can achieve the most
lasting positive effects [11]. However, individual differences in students' learning
styles and digital literacy need to be considered, as a mismatch between the
complexity of the provided content and their actual readiness may lead to cognitive
overload or decreased engagement. Observations confirm that students with
insufficient initial motivation are more prone to unstable effects when using adaptive
systems, manifested as fluctuating engagement and irregular task completion [12].
The dynamic changes in students' learning adaptation process after they start using
the system deserve special attention. Observations show that in the first 1-2 weeks of
use, students experience a familiarization period, cognitive load increases, and they
need to adapt to the logic of the interface and adaptive suggestions. During this stage,
the task completion speed will temporarily decrease, but the accuracy of answers will

increase due to more precise selection of difficulty levels. In the 3rd to 4th week,
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learning behavior tends to stabilize, and the independence of task completion
Improves. After 6 to 8 weeks, the individual learning trajectory tends to stabilize,
showing a significant positive dynamic in mastering the learning content [13].

One research direction of modern adaptive systems is to use reinforcement
learning methods to dynamically optimize the task presentation order. Models based
on Markov decision processes have been applied to experimental educational
platforms as a mechanism for selecting the best next learning step, which takes into
account the accumulated interaction history [14]. Such systems can continuously
adapt, make minimal adjustments to changes in academic performance, and have the
potential to personalize content and presentation. Studies have shown that the use of
reinforcement learning algorithms can accelerate the achievement of target
educational outcomes and promote a more balanced distribution of learning load.

Furthermore, the increasing application of predictive academic performance
modeling methods in educational practice makes it possible to develop personalized
learning paths before the start of a course. Machine learning algorithms can be used
to assess the likelihood of students experiencing academic difficulties, predict the risk
of declining learning motivation, and determine the optimal starting point for learning
materials. Such technologies significantly improve the effectiveness of early
intervention and reduce the risk of student dropout [15]. The psychological and
educational aspects of implementing adaptive artificial intelligence systems also need
attention. Using such systems should not only improve academic performance but
also maintain students' autonomy and intrinsic learning motivation. Research shows
that maintaining a balance between algorithmic support and autonomous learning
decision-making yields optimal results. Over-algorithmic processes or excessive
system intervention can lead to decreased student autonomy and dependence on
external cues [16]. Therefore, an analysis of modern approaches to the application of
artificial intelligence in adaptive learning shows that the integration of knowledge-

tracking models, reinforcement learning methods, and predictive analytics can
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significantly improve the effectiveness of personalized educational processes. A
comprehensive assessment of students' academic performance, engagement, and
psychological adaptability lays the foundation for further development of
personalized educational technologies [17].

Research Process

To objectively evaluate the impact of Al-based adaptive learning systems on
student performance, this study was conducted in several phases, adhering to the
standards and reproducibility principles of quasi-experimental educational research.
The research methods included the following phases: sample selection, organization
of experimental intervention, collection of educational materials, statistical
processing, and interpretation of results.

The first phase involved the formation and allocation of the research sample.
Students from [course/subject] enrolled in similar educational programs participated
in this study. Participant selection criteria included similar initial training levels
(based on entrance exam scores) and prior experience with Al-based adaptive
learning platforms. Given the inability to randomly assign students, this study
grouped them by learning flow (complete groups), consistent with the logic of a
quasi-experimental design.

The second phase involved simulating the educational intervention. The control
group used traditional teaching methods without adaptive technology; the
experimental group used an Al-based adaptive learning platform [platform/algorithm
name] for a learning duration of [specific duration, e.g., 8-12 weeks]. Both groups of
students followed the same curriculum and studied the same amount of material to
ensure comparability and minimize the impact of external variables. All courses were
conducted within the same timeframe and organizational structure, ensuring the
accuracy of comparisons and the reproducibility of the model.

In the third phase, we investigated the dynamic changes in student academic

performance and engagement. Assessments included midterm and final exam scores,
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as well as system activity indicators (access frequency, time required to complete
assignments, number of attempts). We conducted dynamic observations at multiple
time points-before the experiment (baseline), midway through the experiment, and at
the end-to track changes in student academic performance and determine their
adaptation to the new learning environment.

In the fourth phase, we surveyed student engagement and conducted
psychological and pedagogical assessments. We used standardized questionnaires on
learning motivation and engagement (specific questionnaire tools, such as the MSLQ
scale or similar scales), as well as questionnaires on learning process satisfaction. We
examined indicators such as intrinsic motivation levels, self-assessment of learning
autonomy, and subjective perceptions of the difficulty of learning materials.
Qualitative analysis of open-ended responses allowed us to gain a deeper
understanding of how students perceived the system's adaptive suggestions.

In the fifth phase, we analyzed behavioral and learning analytics indicators
recorded by the platform. We identified metrics such as average module completion
speed, accuracy rate of completing assignments at different difficulty levels, and
frequency with which students revisited previously learned material. These
parameters enabled us to assess students' academic performance and their behavioral
adaptation to the system.

In the sixth phase, statistical assessments were conducted to evaluate the
differences between the groups. This included comparing means (using the student t-
test or its nonparametric equivalent, depending on the data distribution) and
performing analysis of variance (ANOVA/ANCOVA), with baseline performance as
a covariate for control. Measurements were taken at three time points: at enroliment,
mid-term, and post-experiment. Analyses included comparisons of absolute
performance indicators and assessments of effect size (Cohen's d).

The final phase of the study involved statistical processing of the results. Means,

standard deviations, and confidence intervals were calculated. The student t-test
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(p<0.05) was used to assess the differences between the control and experimental
groups. Correlation and regression analyses were used to compare performance,
engagement, and behavioral activity data, revealing patterns between system usage
intensity and final academic achievement.

Therefore, the developed experimental procedure comprehensively assesses the
impact of Al-based adaptive learning systems on student academic performance and
engagement. The integrated approach, combining pedagogy, psychology, and
analytical methods, ensures highly accurate analysis and identifies patterns of student
adaptation to personalized educational technology.

Results Discussion

The results showed that the use of Al-based adaptive learning systems had a
significant positive impact on students' academic performance, learning speed, and
participation. Final exam analysis showed that the average score of the experimental
group was 78.4 + 5.1, while the average score of the control group receiving
traditional teaching was 65.2 £ 6.3. Therefore, the use of the adaptive platform
improved students' academic performance by 18% to 20%, significantly exceeding
the natural fluctuations caused by initial differences between groups [18].

Analysis of the dynamics of academic performance confirmed these findings.
The control group showed a relatively linear and moderate rate of growth throughout
the course, with significant heterogeneity between high-achieving and low-achieving
students. In contrast, the experimental group showed a rapid narrowing of the gap
between students with different initial levels of preparation in the third and fourth
weeks-a phenomenon often referred to in the literature as the “equilibrium effect” of
adaptive systems. At the end of the course, the final scores of the groups were
statistically significant (p < 0.01), with an effect size of moderate to high (Cohen's d
= 0.72) [19]. Significant differences were also observed in learning engagement
indicators: the average frequency of students accessing learning materials

independently per week was 2.3 £ 0.6 times in the control group, while it was 4.1 +
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0.7 times in the experimental group, indicating a significant increase in learning
activity under the influence of personalized system suggestions. This increased
interaction frequency was accompanied by a decrease in homework incompleteness
and a reduction in the time required to address identified knowledge gaps, suggesting
a faster transition from problem diagnosis to correction.

Analysis of platform behavioral data allowed for a detailed understanding of the
structural changes in students' learning trajectories. In the experimental group, the
proportion of students completing more challenging assignments later in the course
increased, indicating a gradual improvement in their mastery of more complex
content. The study also found a decrease in the average number of attempts required
for students to successfully complete assignments-from 2.8 at the beginning of the
course to 1.4 at the end. These data suggest improved accuracy in independent
assignment completion and an accelerated metacognitive self-regulation process,
directly related to adaptive adjustments in content complexity.

Psychological and educational analyses revealed significant differences in
students' learning motivation levels. Questionnaire results showed that the
experimental group had 22% higher intrinsic motivation than the control group.
Students' subjective perception of learning anxiety decreased by 27%, indicating that
the cognitive load was reduced due to a more accurate match between task difficulty
and students' current level of readiness. These results suggest that the use of adaptive
systems not only helps improve students' academic performance but also helps
stabilize students' psychological and emotional state during the learning process.

Knowledge retention rate assessment showed that in a delayed test conducted 4
weeks after the end of the course, the average delayed test score of the control group
was 0.74 = 0.08 of the final score, while the average delayed test score of students
using the adaptive platform was 0.89 £ 0.07, which is equivalent to a reduction of the
forgetting effect by about 20%. A subgroup analysis simulating differences in initial

readiness showed that students with lower initial academic performance showed a
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more pronounced positive trend, while students with higher initial academic
performance showed a relatively less pronounced trend, indicating that the
distribution of the effect is not uniform and depends on the students' initial readiness
[20]. These observed effects can be explained by the complex role of the adaptive
personalization mechanism. The system has both diagnostic and motivational
functions. In terms of diagnosis, it can accurately identify students' current learning
difficulties and adjust the difficulty of learning content in a timely manner; in terms
of motivation, it can create a sense of attainability and a gradual learning experience,
thereby reducing frustration and avoidance behavior. Continuous feedback and
content adjustment activate students' self-regulating learning mechanisms,
accelerating the transformation from extrinsic to intrinsic motivation learning.

Conclusion

This quasi-experimental study enabled us to comprehensively assess the impact
of Al-based adaptive learning systems on student academic performance, learning
engagement, and psychological and emotional well-being. The results show that,
compared to traditional learning, implementing an Al-based adaptive learning
platform significantly improves student academic performance, accelerates learning
pace, and enhances knowledge retention.

The study found that the positive effects of adaptive systems are achieved
through multiple interconnected mechanisms: accurately diagnosing individual
learning difficulties, dynamically adjusting the complexity of learning content,
increasing the frequency and quality of feedback, and reducing cognitive load by
matching tasks to students' current learning levels. This effect was particularly
significant in students with lower initial learning levels, highlighting the potential of
adaptive technology as a tool to reduce educational inequality and promote a level
playing field for all students. The results also indicate that the effectiveness of Al
systems extends beyond academic indicators: students' learning motivation,

subjective anxiety, and autonomy levels also changed significantly, confirming that
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the impact of adaptive technology on the educational process is comprehensive and
broad, rather than limited to specific aspects.

However, the limitations of this study should be considered when interpreting
the data. These limitations stem from the quasi-experimental design, the lack of
randomization at the individual student level, and the limited observation time. The
long-term sustainability of the identified effects, their reproducibility across different
subject areas and educational contexts, and the impact on individual differences in
students' digital literacy all require further investigation.

The practical significance of this study lies in demonstrating the feasibility of
integrating Al-adaptive learning systems into the educational process, making them a
tool for personalized learning and improving learning quality. The results can be used
to develop methodological recommendations for implementing adaptive technologies
in the curriculum and to design next-generation educational platforms.

Future research should focus on exploring the long-term impacts of adaptive Al
systems, their influence on the development of metacognitive skills and learning
autonomy, and developing methods to assess the ethical and organizational issues

involved in the large-scale application of Al in educational practice.
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