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Annotation. This article presents the results of an empirical study examining the use of
artificial intelligence for the formation of individualized learning trajectories in higher
education. The aim of the study was to assess the impact of digital tools on student
engagement, learning motivation, and academic performance. The research was conducted at
the Volga State Social Humanitarian Academy (VSSHA) and involved approximately 150
undergraduate students enrolled in pedagogical programmes. During the study, adaptive
digital solutions were integrated into the instructional process to account for students’
individual learning pace and characteristics. The findings demonstrate increased learning
activity, sustained motivation, and positive dynamics in educational outcomes. The practical
significance of the study lies in substantiating the pedagogical effectiveness of artificial
intelligence as a means of personalizing learning in higher education.
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Introduction

The integration of emerging technologies into education has transformed traditional
pedagogical paradigms, shifting the focus from teacher-centered instruction to learner-
centered experiences. Among these technologies, artificial intelligence (Al) has garnered
particular attention due to its capacity to process vast amounts of educational data, identify
patterns, and support personalized learning decisions. As digital learning environments
expand, the need to understand how technology can enhance individual learning journeys
becomes increasingly critical for both educational researchers and practitioners. This study
situates itself within this broader discourse, aiming to explore how Al can function not merely
as a tool, but as an active mediator of students’ cognitive and motivational development.

Moreover, contemporary higher education systems are characterized by a diverse
student body with varied prior knowledge, learning preferences, and professional aspirations.
This heterogeneity presents challenges for conventional teaching methods, which often rely
on standardized curricula and uniform assessment practices. Addressing these challenges
requires the development of adaptive strategies capable of accommodating differences in
learners’ pace, style, and progress. Al-based educational tools provide a promising avenue for
this adaptation, enabling dynamic adjustment of instructional content and feedback in ways
that were previously impractical in large-scale educational contexts

The rapid advancement of artificial intelligence (Al) has become a key driver of
transformation in contemporary higher education systems. Universities increasingly face the
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challenge of addressing the diverse academic needs, learning styles, and professional goals of
students within mass and digitally mediated learning environments [1]. Traditional
standardized instructional models often lack the flexibility required to accommodate
individual differences, which has led to growing scholarly attention to the concept of
individual educational trajectories as a means of enhancing learning effectiveness and
sustainability [2].

Recent studies emphasize that individual educational trajectories represent structured
yet flexible learning pathways that adapt content, learning pace, and assessment to students’
competencies and progress [3]. However, the practical implementation of such trajectories
requires continuous data collection, analysis, and pedagogically informed decision-making.
In this regard, Al-based educational technologies offer significant potential by enabling real-
time monitoring of learning processes and dynamic adjustment of instructional strategies [4].

Empirical research demonstrates that Al-driven adaptive learning systems improve
student engagement, support self-regulated learning, and contribute to more stable academic
outcomes [5]. Learning analytics and intelligent recommendation algorithms allow educators
to identify learning difficulties at early stages and provide personalized instructional support,
which is particularly important in higher education contexts characterized by heterogeneous
student populations [6]. These findings indicate that Al technologies can serve as effective
tools for shaping individual educational trajectories when integrated within sound pedagogical
frameworks.

Studies conducted in higher education contexts further reveal that Al-supported
personalization enhances learners’ motivation and responsibility for their educational progress
[7]. By offering individualized feedback and adaptive learning scenarios, Al systems
encourage reflective learning practices and facilitate the development of metacognitive skills
[8]. At the same time, research cautions that the educational impact of Al depends on its
alignment with learning objectives and the active role of educators in designing pedagogical
tasks and interpreting Al-generated data [9].

National-level research and analytical reports highlight that the implementation of
adaptive digital and Al-based platforms in higher education contributes to improved learning
outcomes, increased course completion rates, and more effective formation of professional
competencies [10]. These studies also indicate that personalized educational trajectories
supported by Al tools are particularly relevant for preparing students for rapidly changing
professional environments that require continuous learning and adaptability [11].

Despite the growing body of evidence supporting Al-driven personalization, several
unresolved issues remain. Scholars point to ethical challenges related to data privacy,
algorithmic transparency, and potential bias in Al decision-making processes [12].
Furthermore, there is limited research addressing the long-term role of Al in supporting
coherent and sustainable individual educational trajectories that extend beyond short-term
performance optimization [13]. This gap underscores the need for systematic investigation
into how Al technologies can be pedagogically integrated to support students’ holistic
academic and professional development.

The present study addresses this research problem by examining the role of artificial
intelligence in shaping individual educational trajectories in higher education. The research
focuses on how Al-based tools can support adaptive learning pathways that enhance students’
academic performance, motivation, and self-regulation [14]. The significance of this study
lies in its contribution to the development of evidence-based approaches to Al integration in
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education, providing insights for educators and institutions seeking to align technological
innovation with pedagogical effectiveness.

Understanding the multifaceted role of Al in education requires a holistic approach that
considers technological capabilities, pedagogical design, and learner diversity simultaneously.
By investigating the mechanisms through which Al can shape individualized learning
pathways, this study contributes to the theoretical and practical understanding of adaptive
education in higher education contexts [15].

Furthermore, the findings of this research have implications beyond immediate
classroom practice, informing institutional policies and curriculum design that aim to leverage
Al responsibly while fostering equitable and effective learning experiences. As higher
education continues to evolve in response to technological innovation, insights from studies
like this provide valuable guidance for integrating Al in ways that support long-term learner
development and academic success.

Materials and Methods

The study adopted a mixed-methods research design combining quantitative and
qualitative approaches to examine the role of artificial intelligence (Al) in shaping individual
educational trajectories in higher education.

The empirical research was conducted at VVolga State Social Humanitarian Academy
(VSSHA) and involved 150 undergraduate students enrolled in pedagogical programmes. The
participants were selected using purposive sampling to ensure diversity in academic
performance, learning styles, and levels of engagement with digital learning environments.
All participants had prior experience with online or blended learning formats, which allowed
for informed interaction with Al-supported educational tools.

The primary research materials included Al-based educational platforms equipped with
adaptive learning algorithms, learning analytics, and personalized feedback mechanisms.
These tools were used to support the development of individual educational trajectories by
dynamically adjusting instructional content, task complexity, and assessment sequencing in
response to students’ learning behavior and performance indicators. Additional materials
included digital instructional modules and formative assessment tasks integrated into the
learning process.

Data collection employed multiple instruments to ensure methodological reliability.
Quantitative data were gathered through diagnostic and outcome-based assessments
measuring learning progress and academic performance. Learning analytics generated by the
Al platforms provided objective data on student engagement, content interaction frequency,
and progression within personalized learning pathways. Qualitative data were obtained
through structured questionnaires and reflective feedback, focusing on students’ perceptions
of Al-supported personalized learning.

The research procedure consisted of sequential stages. Initially, baseline data on
students’ learning preferences and academic performance were collected. Subsequently, Al-
supported tools were integrated into the instructional process to facilitate personalized
learning pathways. The final stage involved the collection of outcome data and learner
feedback to assess the effectiveness of Al-driven personalization in shaping individual
educational trajectories.

Quantitative data were analyzed using descriptive statistical methods, including
comparative analysis of assessment results. Learning analytics data were examined to identify
patterns in adaptive content usage and learner progression. Qualitative data were analyzed
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through thematic content analysis to reveal common trends in student experiences and
learning behaviors.

Ethical principles were observed throughout the study. Participation was voluntary,
informed consent was obtained from all participants, and data confidentiality was ensured
through anonymization procedures.

Results

The analysis of the empirical data demonstrates that the integration of artificial
intelligence (Al) tools into the educational process had a measurable positive impact on the
formation of individual educational trajectories among pedagogical students. The results are
based on comparative analysis of diagnostic and outcome indicators obtained before and after
the implementation of Al-supported personalized learning tools.

Quantitative findings indicate a noticeable improvement in students’ academic
performance. The average achievement level increased from 62% to 78%, reflecting a 16
percentage point growth. This improvement suggests that adaptive Al-based content
sequencing and personalized feedback contributed to more effective knowledge acquisition.
Additionally, the proportion of students demonstrating stable academic progress increased
from 48% to 71%, indicating improved consistency in learning outcomes.

The key changes in students’ learning indicators before and after the implementation of
Al-supported personalized learning tools are presented in Table 1. The data demonstrate a
consistent improvement across all measured parameters. In particular, academic performance
and student engagement indicators show the most pronounced growth, indicating the
effectiveness of Al-driven adaptation in supporting individual educational trajectories.

Table 1 — Changes in learning indicators before and after Al-supported personalization
Indicator Before Al implementation | After Al implementation
(%) (%)

Academic performance 62 78

Stable learning progress 48 71

Student engagement 54 82

Task completion rate 59 82

Self-regulated learning skills 46 68

Positive perception of 51 74

personalization

Source: compiled by the author.

Student engagement indicators also showed significant positive changes. Learning
analytics data revealed that active participation in digital learning activities increased from
54% to 82%. The frequency of voluntary task completion rose by 23%, while time spent on
targeted learning activities increased by 18%, suggesting higher motivation and sustained
involvement in the learning process.

Figure 1 illustrates the comparative dynamics of learning indicators before and after the
introduction of Al-supported personalization. The graphical representation highlights a clear
positive trend in academic performance, engagement, task completion rate, and self-regulated
learning skills. The observed differences confirm that Al-based adaptive tools contribute to
more effective and structured individual learning pathways.
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Figure 1 — Dynamics of learning indicators before and after Al-supported
personalization
Source: compiled by the author

Self-regulated learning skills demonstrated moderate but stable growth. The share of
students who independently planned learning tasks and monitored their progress increased
from 46% to 68%. Furthermore, reflective feedback analysis showed that 74% of participants
positively evaluated Al-supported personalization, noting clearer learning goals and better
alignment between task difficulty and individual abilities.

Overall, the results confirm that Al-supported tools positively influence key indicators
related to individual educational trajectories, including academic achievement, engagement,
and self-regulation.

Discussion

The empirical results indicate that the integration of Al-supported tools significantly
influenced students’ learning trajectories. The observed increase in academic performance,
engagement, and self-regulated learning skills demonstrates that adaptive technologies
effectively address individual differences in learning pace and cognitive abilities. Notably,
students’ positive perceptions of Al personalization highlight the motivational and affective
benefits of such tools.

These findings align with theoretical perspectives on learner-centered education, which
emphasize the importance of tailoring instructional content and feedback to individual needs
[1][2]. By dynamically adjusting task complexity and providing immediate, personalized
feedback, Al platforms facilitate the development of self-regulation and metacognitive skills.
The increase in voluntary task completion and sustained participation indicates that students
were actively constructing their learning pathways, supporting the hypothesis that Al
enhances the formation of individual educational trajectories.

However, the study also revealed constraints associated with Al integration. Some
students experienced difficulties interpreting automated feedback without pedagogical
guidance, and technical limitations occasionally disrupted learning sequences. This
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underscores the critical role of educators in designing Al-supported tasks and monitoring
student progress, ensuring that adaptive technologies complement rather than replace
professional teaching [3][4]. Furthermore, ethical considerations, such as data privacy and
algorithmic transparency, remain essential for maintaining trust and equity in Al-enhanced
learning environments.

Overall, the discussion suggests that Al is most effective when embedded within a
pedagogically coherent framework, where the technology supports personalized pathways
while educators provide interpretive guidance. The results provide evidence that Al can
function as a tool for enhancing both cognitive and motivational dimensions of learning,
thereby contributing to more efficient, tailored educational experiences.

Conclusion

This study confirms that Al-supported educational tools can play a pivotal role in
shaping individual learning trajectories in higher education. The integration of adaptive
algorithms and personalized feedback mechanisms improved academic performance, student
engagement, and self-regulation, demonstrating the potential of Al to support learner-centered
instruction.

The practical significance of the research lies in its application for curriculum design
and teaching practice: Al technologies can help educators create flexible, individualized
learning pathways that respond to each student’s cognitive profile and pace. Moreover, these
tools can foster learner autonomy, enhance motivation, and promote the development of
metacognitive skills necessary for lifelong learning.

Future research should explore long-term effects of Al-supported personalization across
multiple disciplines, evaluate strategies to integrate Al ethically and effectively, and examine
professional development needs for educators implementing adaptive learning technologies.
Overall, the findings provide actionable insights for institutions seeking to leverage Al for
enhancing educational quality and supporting individualized student development.
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Bycbirnna A.JL
KACAH/bI MHTEJUIEKTIHIH )KEKE BIJIIM BEPY
TPAEKTOPUSJIAPBIH KAJIBIIITACTBIPY IATBI POJII
Anpanra. byn makamanga skorapel OutiM Oepy KyHeciHIe >KacaHJbl WHTEUIEKTTI
KOJIZJaHy apKbUIbI 1epOeCTeHAIpIIreH OKY TPaeKTOPHUSUIAPBIH KAJIbIITACTHIPYFa OarbITTalIFaH
SMIUPHUKAIBIK 3€pPTTEY HOTIDKENEpl YCBIHBUIAABL. 3epTTEeydiH MakcaTbl — HUQPIIBIK
TEXHOJIOTUSUIAP/BIH  CTYACHTTEPAIH OKy O€JCEeHIUIIriHe, MOTHBALMACBIHA MKOHE OKY
KETICTIKTEpiHEe acepiH aHbIKTay. 3epTTey Enin 00Mbl MEMIIEKETTIK dJICyMETTIK-TyMaHUTAPIIK
aKaJeMHUSCHIHBIH TICIarOTHKANBIK OarpiTTa OUTiIM anatbiH ImamameH 150 crTyneHTiHIH
KaTBICYbIMEH JKYPri3unmi. 3eprrey OapbIChIHIA OKY YAEpICiHE CTYIEHTTEpIiH KEKe OKY
KapKbIHBl MEH TaHBIMJIBIK EpEKIIETIKTepiH ecKepyre MYMKIHIIK OepeTiH OedimenreH
IUGPIBIK KYpajaap eHri3ifaai. AJbBIHFAH HOTHXKEIEep CTYACHTTEpPAIH OKy OelICeHALTIr MeH
OKY MOTHMBALIMSACBIHBIH apTKaHbIH, COHJAAH-aK OKY HOTIKEJIEPIHIE OH ©3repiCTepaiH
OalfkanFaHbIH KOPCEeTTi. 3epTTEYAiH MPAKTUKAIBIK MAaHbI3bI )KaCaH/1bl MHTEIUIEKTTIH JKOFaphl
Oimim Oepy >KyileciHae OKBITYIbl JepOecTeHaipy jkoHe OiiM Oepy camachblH apTThIpy YIIiH
TUIM/II TIEIarOTUKAJIBIK KYpall peTiH/Ie KOJIJaHy MYMKIHIITIH HET13IeyMEeH aifKbIH 1aIa]Ibl.
Kiar ce3nep: xacaHIpl MHTEIUICKT; NEepPOSCTEHIIPIITEH OKBITY; OKY TPACKTOPHSCHI,
KOFapel OimiM Oepy, UM(PIBIK TEXHOJOTHSIAP, OKY MOTHBAIMICH], MEIaroruKalblK
WHHOBAaLUSIIAP.

Bycbirnna A.JL
POJIb UICKYCCTBEHHOI'O UHTEJIVIEKTA B ®OPMHUPOBAHUN
WHJIUBUIYAJIBHBIX OGPA3OBATEJBHBIX TPAEKTOPHIA
AnHoTanusA. B crartbe mpencTaBiieHbl pe3yJbTaTbl SMIMPUYECKOTO HMCCIIECIOBAHUSA,
HAIIpaBJICHHOI'O HAa U3yYE€HUE BO3MOKHOCTEU HCIIOJIb30BAHUS MUCKYCCTBEHHOI'O MHTEIUICKTA
s (HOpMUPOBAHMS MHIUBHLYyJTM3UPOBAHHBIX O00Pa30BaTENbHBIX TPACKTOPHHA B CHCTEME
BbIciiero oOpa3oBanus. llenmpio wuccnenoBaHusl SBISNIACH OICHKA BIUSHUS IU(PPOBBIX
MHCTPYMEHTOB Ha Y4YeOHYI0O aKTHBHOCTb, MOTHBAIMIO U 0Opa30BaTENIbHBIC PE3YJbTATHI
cryaenToB. McciemoBanue mnpoBogwioch Ha 0Oa3e IloBoiKCKoW — rocyaapcTBEHHOU
COIIMAJIbHO-TYMaHUTAPHOM akaeMuu ¢ ydacTueM okoso 150 cTyaeHTOB memarormyeckKux
HanpaBJIeHUH MOATOTOBKH. B Xone mccnemoBaHus B y4ueOHBIH Iporecc ObLTHM BHEIPEHBI
aJlanTHBHBbIE IHU(POBBIE pEIIEeHUs, MO3BOJSIOMINE YUYUTHIBATh WHAMBHIYAJIbHBIM TEMHI H
0coOeHHOCTH 00yueHHsT CTyIeHTOB. llomydeHHBIE pe3ylbTaThl CBHIETEIBCTBYIOT O
MOBBIIIEHUU Y4eOHOW AaKTUBHOCTH M YCTOHYMBOM MOTHBALMU OOYyYaroIIUXCs, a TaKXKe O
MOJIOKUTENIFHON JTMHAMUKE 00pa3oBaTeNbHBIX NOCTIKEHUH. IlpakTudeckas 3HaAYMMOCTh
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UCCIEOBAaHMUsA 3aK/I04aeTcd B OOOCHOBAaHMM IEAarOTMUECKOl  Leecoo0pa3sHOCTH
UCTIOJIb30BAHUSI MCKYCCTBEHHOT'O WHTEJUIEKTA JISi MEpCOHANM3aluyd OOyueHHs! B BbICHICH
IIKOJIE.

KiroueBble c€10Ba: HMCKYyCCTBEHHBIH WHTEIUICKT; MEPCOHAIM3UPOBAHHOE OOYyYEHHE,
oOpazoBaTenbHas TPACKTOpHA; BhICIIee O0Opa3oBaHUE, LU(POBBIE TEXHOJIOTUHU, ydeOHas
MOTHBALUS; TIEJarOrH4e€CKUe MHHOBAIIUH.
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