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Abstract

This article examines the integration of artificial intelligence—based adaptive learning systems with
traditional pedagogical approaches in middle-school informatics education. The study aims to develop a hybrid
instructional framework for supporting personalized learning trajectories, with particular emphasis on low-
achieving students. The research is based on a systematic synthesis of selected Scopus- and Web of Science-
indexed studies published between 2017 and 2025. Using conceptual modelling and thematic analysis, the
study identifies key technological, pedagogical, cognitive, and motivational factors influencing personalized
learning in informatics. On this basis, a three-layer hybrid framework is proposed, integrating Al-driven
diagnostics and adaptivity, teacher-led instructional mediation, and learner-centered personalized trajectories.
The model also incorporates a four-stage learning cycle consisting of diagnostic assessment, pathway design,
hybrid instruction, and mastery validation. The results demonstrate that hybrid human—Al instructional models
enhance learning outcomes by reducing cognitive overload, providing immediate feedback, supporting self-
regulation, and strengthening learner motivation. Low-achieving students benefit from individualized task
progression and sustained pedagogical support, while teachers gain access to data-informed instructional tools
that facilitate targeted intervention. The study highlights the importance of ethical governance, teacher
professional development, and infrastructural readiness for successful implementation of adaptive
technologies. Although the proposed framework is conceptual, it provides a theoretically grounded foundation
for future empirical research and practical innovation in informatics education.

Keywords: artificial intelligence in education, personalized learning, adaptive learning systems,
informatics education, hybrid pedagogy, low-achieving students, differentiated instruction, learning analytics.

H.A. Typceinos', A.P. TypranGaesa'

'Kasaxckuii HAMOHANLHBIA YHUBEPCUTET UMEHH anb-Dapadu, r.AnMarel, Kasaxcran
BHEJAPEHUE NIEPCOHAJIN3UPOBAHHOI'O OBYUYEHUS HA OCHOBE
HUCKYCCTBEHHOI'O MHTEJUIEKTA B ITPENIOJIABAHUE TH®OPMATHUKHA B OCHOBHOM
HKOJIE: THBPUJIHAS YYEBHAS MO/IEJIb

AnHomayus

B cratee paccmarpuBaeTcs WHTErpanus aJalnTUBHBIX CHCTEM OOYYEHHs] Ha OCHOBE HCKYCCTBEHHOTO
MHTEJIJICKTA C TPAUIIMOHHBIMY [TeJarOTMISCKUMH TI0X0/1aMH1 B 00yUYeHHe HHPOPMATUKE B OCHOBHOM IIIKOJIEC.
Lenb uccnenoBanus — pa3paboTKa THOPUIHON y4eOHOH MOAETU JUIsl MOJICPKKHU MMEPCOHATM3UPOBAHHBIX
00pa30BaTeIbHBIX TPACKTOPUN C OCOOBIM aKIEHTOM Ha OOYYaIOIUXCS C HU3KOW y4eOHON yCIeBaeMOCThIO.
HccnenoBanre OCHOBAaHO Ha CHCTEMATHUECKOM aHAIM3€ HAY4YHBIX MyOJIMKalMid, MHISKCUPYEMBIX B 0a3zax
Scopus u Web of Science 3a mepuon 2017-2025 rr. C HCIIOJIb30BaHUEM METOO0B KOHIIEHTYaIbHOI'O
MOJICTTUPOBaHMsI M TEMAaTHYECKOTO0 aHanmu3a B pa0oTe BBISABIEHBI KIIOYECBBIE TEXHOJIOTUYECKHE,
MeJarornieckre, KOTHUTHBHBIE W MOTHBAIMOHHBIE (DaKTOPHI, BIMSIONIMNE HA IEPCOHATM3UPOBAHHOE
obyuenne napopmaTtuke. Ha 3T0it ocHOBE mpeiokeHa TpEXypOBHEBAs THOPHIHAS MOICTTh, HHTETPUPYIOIIAs
Al-AMarHOCTUKY H  aJanTHUBHOCTb, IIEAArOTMYECKOE COMPOBOXKACHUE CO CTOPOHBI YUYUTENS U
OpUEHTHPOBAaHHbIE Ha oO0yuwaromierocs oOpa3oBaTelbHBIE TPACKTOPUH. MOJENb TakkKe BKIIOYACT
YEeTBHIPEXITAIIHBIA IUKJI OOYYEHHs, COCTOSAIIMA W3 JMAarHOCTHYECKOW OLEHKH, MPOCKTHPOBAHUS
WHIUBHAYJIBHOTO MapIIpyTa, THOPHUIHOTO O0YUEHHUS U TIOJITBEPKICHIS YPOBHS OCBOSHHUS MaTepHaa.

Pe3ynbrathl HccneoBaHus MOKA3bIBAIOT, YTO THOPHTHBIC MOJIEIH «9EIOBEK-UCKYCCTBEHHBIN MHTEIIICKT)
CHOCOOCTBYIOT MOBBIIICHHUIO YUECOHBIX JOCTIKEHUH 32 CUET CHUYKEHMSI KOTHUTUBHOW HArpy3KH, 00eCIeueHUs
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OTIEPATUBHOIN 0OPATHOM CBSI3H, PA3BUTHS CAMOPETYJISIIUU U YCHUIICHHUS yueOHOH MoTuBanuu. O0yJaromuecs
C HU3KOH YCIEBAEMOCTBIO MOMYYArOT MPEUMYIIECTBA B BUJIC HHIAWBHIYATU3UPOBAHHOTO TEMITa OOYUCHUS U
YCTOWYHMBOM TIeIarOrHUECKON MOACPIKKH, a TIEArOrTH — JOCTYIT K MHCTPYMEHTAM aHATUTHKH [T peaTH3aiii
aJIPeCHBIX 00pa30BaTENbHBIX HHTEPBEHIMH. B cTaThe Mo uépKuBaeTCst 3HAUYCHHUE ITUICCKOTO PETyTUPOBAHNS,
MpoeCCHOHANBEHONW TMOJTOTOBKH MENaroroB W pa3BUTONW WHQPPACTPYKTYPHI JUIS YCIECITHOTO BHEIPEHUSI
aJIaNITUBHBIX TEXHOJOTUH. HecMOTps Ha KOHIIETITYaNbHBINA XapaKkTep UCCIEeIOBAHUS, MPEIOKEHHAs MOJICIb
(bopMHpyeT TEOpPeTUYECKH OOOCHOBAHHYIO OCHOBY JUIS JANbHEHINIHUX OSMIHUPUUYCCKUX HCCICTOBAHUN U
MIPaKTHYECKUX MHHOBAIWA B 001acT 00ydeHus nH(pOpMaTHKe.

KioueBble c10Ba: MCKYCCTBEHHBIH HMHTEIUIEKT B OOpa30BaHWU, IEPCOHAIM3UPOBAHHOE OOyuYeHHE,
a/IalITUBHBIC CHCTEMBI 00yUeHUs, 00yueHre HHOOPMATHKe, THOPHUIHAS [TeIaroruka, 00yJaroIInecs ¢ HU3KOH
yCIeBaeMOCThIO, TU( G epeHITupOoBaHHOE 00yUeHue, 0Opa3oBaTeIbHas aHATUTHKA.

H.A. Typceinos', A.P. TypranGaesa'
'On dapabu ateinparsl Kazak yaTThIK yHUBEpCHTETI, AnmaTtsl, Kazakctan
HET'I3I'l MEKTEIITE UHO®OPMATUKAHbBI OKbBITY JIA 5)KACAH/IbI HTHTEJVIEKTKE
HETI'IBAEJIT'EH JEPBECTEHAIPIVI'EH OKbITY Ibl EHI'I3Y: THBPUATI OKY MOJIEJII

Anoamna

Makanana Heri3ri MekTenTe HHpOpMaTHKaHbI OKBITYA JKacaH/Ibl HHTEJUIEKTKE HeTi3[eNTeH Oeilimaenrex
OKBITY JKYHenepiH JSCTYpJl TMeJarorHKajiblK TOCUIAEPMEH BIKMAIJACTBIPY Mocelenepi KapacThIPBUIAIbL.
3epTTeyIiH MakcaThl — OiTiM aTyIIBIIAPABIH )KEKE OKY TPAeKTOPHSIIAPBIH KOJIayFa apHalFaH THOPUATI OKY
MOJIETIiH a3ipJIey, acipece OKy yJrepiMi ToMeH oKymbuiapra 0aca Hazap ayaapy. 3eprrey 2017-2025 xburnap
apanbsiFeIHAa Scopus xoHe Web of Science mepexkkopiapblHaa HHIACKCTENTEH FRUIBIMUA €HOCKTEp/l JKyHemi
Tangayra HerizaenreH. KoHUenTyanablK MOAETbICY MEH TAKbIPBIITHIK TaJIay SJICTEPiH KOJIAaHY apKbLIbI
nH(pOpPMAaTUKAaHBl epOECTEHIIPIN OKBITyFa oCEp €TETIH HEri3ri TEeXHOJOTHSUIBIK, IeJaroruKajbIK,
KOTHHUTHBTIK KOHE MOTHUBAIMSUTBIK (hakTopiap aHbIKTanael. Ocel Herizne Al-muaraoctukacsl MeH Oedimaeny
TETIKTEepiH, MyFaliMHIH NeJarOrUKaIbIK KOJIaybIH jKoHE O11iM aylIbIFa OaFbITTaIFaH OKY TPaeKTOPHSIapbIH
OIpIKTIPETIH YII ACHI eI THOPUATI MOJICITb YCHIHBULIABL. MOJICNb TUarHOCTUKAJIBIK OaFaliay, )KeKe OKY KOJIbIH
)o0anay, THOPUATI OKBITY JKOHE MEHTepY JICHTeHiH pacTay Ke3eHIepiHeH TYPaThIH TOPT CAThUIBI OKY IUKITiH
KaMTUIBL 3epTTeY HOTHXKEIepl «aJdaM—KacaHAbl WHTEIUICKT» THOPUATI MOJACIBbACPIHIH KOTHUTHUBTIK
KYKTEMEHI a3zalTy, >kelen Kepi OalulaHbIC YCBIHY, ©3iH-031 peTTey NaFAbUIapbIH JAMBITy JKOHE OKY
MOTHUBALMACHIH apTTHIPY apKbLIbI OKY JKETICTIKTEPiH JKaKcapTaTbIHbIH KepceTeni. OKy yinrepimi TemMeH 0isim
aynIblIap jkeKe KapKbIHMEH OKYFa )KOHE TYPaKTHI IeIarOTHKAaJIbIK KOJIIayFa KO KEeTKi3edl, all MyFalmiMaep
MakcaTThl OiliM Oepy MHTEPBEHIMSIIAPBIH KY3€re achlpyFa MYMKIH/IIK OepeTiH aHaJTUTHKAIBIK KypaJaapbl
naiianana anaapl. Makanazia OeiiMaenreH TeXHOIOTUsUIapAbl TaOBICTHI €HIi3y YIIIH 3THUKAJIBIK PETTEYiH,
NearorTepiH KaciOn JaspibIFbIHBIH JKoHE MH(PAKYPBUIBIMABIK KaMTaMachl3 €TYIiH MaHBI3bUIBIFEI aTall
erineni. 3epTTey KOHIENTYalJbIK CHUMATTa OOJIFaHBIMEH, YCHIHBUIFaH MOJIENIb MH(OPMATUKAHBI OKBITY
caJlaChIHJIaFbI OoJamaK SMIUPUKAIBIK 3€PTTEYJIep MEH MPAKTHKAIBIK MHHOBAIMSIIAP YIIIH TEOPHSIIBIK HETi3
KaJIBINITACTBIPA/IBL.

Tyiiin ce3mep: OiniM Oepyjaeri *acaHIbl MHTEIUICKT, JEPOCCTEHAIPUIreH OKBITY, OCHIMAEIreH OKBITY
KyHenepi, THQOpMaTUKaHbI OKBITY, THOPHUITI MEJaroruka, oKy yirepiMi TeMeH OiliM amymibuiap, capaan
OKBITY, O1J1iM Oepy aHAIUTHKACHL.

Introduction

Informatics education occupies a central position in modern school curricula, serving not only as
an independent academic discipline but also as a foundational component for the development of
digital literacy, algorithmic thinking, and computational problem-solving skills. For students in
grades 5-9, informatics represents the first systematic encounter with abstract concepts, formal logic,
and structured methods of solving complex tasks. At this stage, learners are required to master
fundamental processes such as decomposition, pattern recognition, debugging, and logical reasoning,
which form the basis for further learning in science, technology, engineering, and mathematics.
Despite the increasing importance of informatics in contemporary education, a significant number of
middle-school students demonstrate persistent learning difficulties in this subject. Low-achieving
learners frequently experience challenges in understanding abstract programming concepts, applying
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algorithmic structures, transferring knowledge between tasks, and sustaining motivation during
prolonged learning activities. Empirical studies indicate that traditional instructional approaches,
primarily based on teacher explanations, standardized exercises, and uniform assessment procedures,
are often insufficient for addressing the diverse cognitive and motivational needs of such students [1;
2; 3]. In recent decades, educational systems worldwide have increasingly shifted toward
personalized learning models, recognizing that standardized instructional frameworks cannot
adequately accommodate individual differences in prior knowledge, learning pace, cognitive style,
and readiness. Personalized learning pathways are understood as structured and flexible sequences of
educational experiences that are adapted to the learner’s individual characteristics and developmental
trajectory [4; 5]. This pedagogical shift has been strongly supported by advances in artificial
intelligence technologies, which enable large-scale analysis of student data and dynamic adaptation
of instructional content [1; 6].

As shown in Figure 1, an Al Adaptive Learning System enables personalized instruction in
informatics by assessing skills, monitoring progress, and providing targeted feedback. Based on
diagnostic data, students follow differentiated pathways—advanced challenges, standard activities,
or supportive tasks—while all trajectories lead toward common mastery goals. This approach ensures
alignment between learner needs and cognitive demands, promoting both equity and academic
progress in heterogeneous classrooms.

Advanced Learner

Fast Pace, High Performance

Mastery Goals

Y Advanced Challenges
« Complex Tasks
</> %
//_-_ » Higher-Level Concepts

|E OI Standard Activities

—_—=
o‘fr « Core Lessons
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S,
Al Adaptive Learning
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Personalized Learning Pathways in Informatics Education

Figure 1. Conceptual diagram of personalized learning pathways in informatics education,
illustrating adaptation to learner pace, readiness, and performance

Al-powered adaptive learning platforms are capable of collecting, processing, and interpreting
diverse forms of learner data, including interaction records, performance indicators, error patterns,
and time-on-task measures. Based on these data, such systems construct dynamic learner models and
generate personalized recommendations for further learning activities [1; 6; 7]. In informatics
education, where student performance is reflected in code submissions, debugging processes, and
algorithmic solutions, these technologies allow for highly precise and fine-grained
personalization [8]. However, despite rapid technological progress, instructional practice in many
middle-school informatics classrooms continues to rely predominantly on traditional pedagogical
methods. Teacher-centered explanations, guided practice, and standardized assessments remain the
dominant forms of instruction. Although these approaches play an important role in developing
conceptual understanding and maintaining classroom organization, they often fail to provide
sufficient differentiation for students with systematic learning difficulties. As a result, low-achieving
learners frequently accumulate learning gaps, experience reduced academic self-efficacy, and
demonstrate declining engagement.
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Recent research emphasizes that the most effective instructional models are hybrid in nature,
integrating Al-driven adaptivity with human-centered pedagogy [9; 10; 11]. In such models, artificial
intelligence supports instruction through real-time diagnostics, personalized feedback, and adaptive
task sequencing, while teachers provide conceptual explanations, motivational guidance, and socio-
emotional support. As illustrated in Figure 2, this three-layer hybrid instructional model integrates Al
systems, teacher pedagogy, and learner experience into a coherent framework, ensuring continuous
feedback loops between diagnostics, instructional interventions, and student progress.
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Three-Layer Hybrid Instructional Model Integrating Al Systems,
Teacher Pedagogy, and Learner Experience

Figure 2. Three-layer hybrid instructional model integrating Al systems,
teacher pedagogy, and learner experience

For low-achieving students, hybrid instructional models offer substantial pedagogical advantages.
Al systems ensure continuous monitoring of learning progress and immediate corrective feedback,
while teachers address misconceptions, foster self-regulation, and support learners’ motivation [12;
13; 14].

Within the context of this study, personalized learning trajectories are conceptualized as dynamic
and iterative pathways that integrate diagnostic assessment, adaptive content delivery, teacher-
mediated instruction, and reflective practice. These trajectories are continuously updated based on
learner performance and instructional feedback.

Against this background, the present study addresses an important research gap by synthesizing
contemporary scientific evidence and proposing a comprehensive framework for implementing Al-
supported personalized learning trajectories in middle-school informatics education. Drawing on
selected high-impact studies indexed in Scopus and Web of Science, the article develops a conceptual
hybrid model and outlines its pedagogical implications for supporting low-achieving learners.

The main objective of this study is to analyze current research on Al-powered adaptive learning
systems, personalized learning frameworks, and differentiated instruction in informatics education
and to integrate these findings into a unified instructional model. The novelty of the research lies in
presenting a synthesized, domain-specific framework that combines technological, pedagogical, and
cognitive dimensions within middle-school informatics.

An analysis of the works of foreign and domestic researchers has shown that issues of personalized
learning, adaptive educational systems, and the integration of artificial intelligence into the
instructional process occupy a significant place in contemporary pedagogical theory and practice.

Contemporary educational research demonstrates that artificial intelligence has become one of the
most influential technological factors shaping modern digital learning environments. Al-based

327




BECTHUK Ka3HIIY um. Abas, cepus « PQusuxo-mamemamudeckue naykuy, Ne1(93), 2026 e.

systems enable fine-grained adaptivity and large-scale personalization of instruction through
continuous analysis of learner data and automated instructional decision-making processes.
Numerous studies emphasize that well-designed adaptive systems are capable of modelling student
knowledge, detecting misconceptions, dynamically adjusting task difficulty, and recommending
individualized learning pathways based on evolving performance indicators [1; 2; 6]. As illustrated
in Figure 3, the architecture of Al-powered adaptive learning systems typically consists of
interconnected data collection, processing, and instructional output layers that work together to
support personalized instruction.

At the core of Al-powered adaptive learning environments lies the concept of dynamic learner
modelling. Such models integrate data related to learners’ interaction patterns, response accuracy,
error frequency, time-on-task, and behavioural indicators into unified representations of student
competence. These representations allow intelligent tutoring systems and adaptive learning platforms
to implement knowledge-tracing mechanisms and predictive analytics that identify latent learning

gaps.
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Figure 3. Architecture of Al-powered adaptive learning systems:
data collection, processing, and instructional output layers

Informatics education represents a particularly favourable domain for the application of Al
adaptivity. Programming activities, debugging procedures, and algorithmic problem-solving tasks
generate structured digital traces that can be efficiently processed by adaptive systems [8; 15].
Research indicates that these data streams enable precise personalization of instructional content and
facilitate early detection of learning difficulties in computational thinking and coding skills.

A central advantage of Al-based learning environments is the provision of immediate and
personalized feedback. Unlike traditional assessment mechanisms, which often involve significant
time delays, adaptive platforms generate corrective hints and explanatory messages in real time. This
immediacy supports error correction, sustains learner engagement, and reduces frustration associated
with prolonged uncertainty [4; 6]. Empirical investigations and meta-analytical studies consistently
confirm the positive impact of adaptive technologies on academic achievement. Hu [12] reports
moderate to strong effect sizes across STEM disciplines, including computer science, while Yaseen
[7] demonstrates that learners with lower baseline skills experience disproportionately strong
benefits. These findings suggest that Al-based personalization contributes to reducing educational
inequality. However, personalization in education extends beyond algorithmic adaptivity and
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encompasses broader pedagogical and psychological dimensions. Effective personalization aligns
instruction with learner identity, interests, motivation, and metacognitive capabilities [4; 10].
Consequently, personalized learning should be understood as an integrated pedagogical strategy
rather than a purely technological feature. In informatics education, personalization is particularly
important due to the cognitive demands associated with abstract concepts, syntactic structures, and
multi-layered algorithms. Studies demonstrate that learners differ substantially in their pace of
mastering variables, loops, conditional statements, and recursion, leading to divergent learning
trajectories if uniform instruction is applied [8; 16].

Middle-school students represent a transitional cognitive group characterized by uneven
development of abstract reasoning and self-regulation abilities. Research indicates that personalized
technologies are especially effective for learners in grades 6-9, as they support gradual transitions
from concrete to abstract thinking and provide structured scaffolding [17]. Low-achieving students
in informatics frequently exhibit limitations in working memory, abstraction, and metacognitive
monitoring. These constraints impair the ability to follow multi-step algorithms and sustain
engagement in complex programming tasks [14; 18]. Without timely support, such learners often
enter cycles of repeated failure and disengagement. Traditional pedagogical approaches have
attempted to address these challenges through guided practice, task segmentation, and explicit
modelling of problem-solving strategies [3; 19]. However, empirical evidence suggests that these
methods are insufficient without continuous differentiation and monitoring [17].

Technology-enhanced differentiation offers scalable solutions by automatically adjusting task
difficulty, providing multimodal representations, and enabling unlimited practice opportunities.
Learning analytics dashboards allow teachers to target interventions more efficiently by identifying
learners who require additional support [14; 20].

Despite technological advances, the literature consistently emphasizes that teachers remain central
to effective personalized learning. Human instructors provide motivational scaffolding, emotional
support, conceptual clarification, and ethical oversight. Hybrid instructional models that integrate Al
systems with teacher-led pedagogy demonstrate superior learning outcomes [9; 10; 11].
Implementation challenges remain, including limited Al literacy among teachers, infrastructural
constraints, and ethical concerns related to data privacy. Addressing these barriers is essential for
sustainable adoption of hybrid models. Overall, the literature demonstrates strong convergence on the
effectiveness of Al-enhanced personalization, the importance of teacher mediation, and the suitability
of informatics education for adaptive technologies. This synthesis provides a robust theoretical
foundation for the hybrid framework proposed in this study.

Research methodology

This study employs a conceptual and analytical research design aimed at synthesizing
contemporary scientific evidence and developing an integrated hybrid framework for personalized
learning trajectories in middle-school informatics education. Given the theoretical orientation of the
research, primary empirical data collection was not conducted. Instead, the methodology is grounded
in systematic literature analysis, design-based reasoning, and conceptual educational modelling,
which are widely applied in studies seeking to integrate technological, pedagogical, and cognitive
perspectives [4; 9]. The research design follows the principles of design-based educational research
and conceptual synthesis. These approaches emphasize iterative development of theoretical models
based on accumulated empirical findings and continuous alignment with pedagogical theory. The
analytical process involved identifying persistent learning difficulties among low-achieving
informatics students, aggregating evidence from high-impact academic sources, extracting recurring
instructional and technological patterns, and constructing a hybrid framework aligned with
established personalization theories [1; 12].

The empirical foundation of the study consists of thirty peer-reviewed publications indexed in
Scopus and Web of Science and published between 2017 and 2025. The selection process prioritized
studies addressing artificial intelligence in education, adaptive learning systems, personalized
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instruction, informatics education, and differentiated pedagogical support. Publications focused
exclusively on higher education, non-peer-reviewed materials, or non-instructional applications of Al
were excluded to ensure contextual relevance and methodological rigor.

Data analysis was conducted through a multi-stage qualitative synthesis procedure. In the first stage,
each publication was examined using thematic coding to identify core constructs related to adaptive
technologies, feedback mechanisms, learning challenges, personalization strategies, and hybrid
pedagogy. Codes were derived inductively and refined through iterative comparison across sources
to ensure conceptual consistency.

In the second stage, thematic codes were grouped into broader analytical categories representing
technological, pedagogical, cognitive, motivational, and environmental dimensions of learning.
Technological factors included adaptive engines, analytics systems, and knowledge-tracing
algorithms. Pedagogical factors encompassed instructional design, scaffolding practices, and teacher
mediation. Cognitive factors reflected learners’ prior knowledge, misconceptions, and working
memory limitations. Motivational factors included engagement, self-efficacy, and self-regulation.
Environmental factors addressed infrastructure availability and teacher preparedness.

In the third stage, integrative synthesis was performed using cross-matrix analysis. This technique
enabled systematic mapping of pedagogical challenges to technological and human intervention
strategies. The matrix identified instructional functions best addressed by Al systems, those requiring
teacher mediation, and those benefiting from collaborative human—AlI intervention. As illustrated in
Figure 4, this Human—AlI Division of Pedagogical Labor Matrix visually represents the distribution
of diagnostic, monitoring, feedback, and adaptivity functions between Al systems and human
teachers, thereby operationalizing the hybrid instructional framework. This analysis formed the basis
for defining optimal division of pedagogical labor within the hybrid model.

Diagnostic Scaffolding
(o) Identify Knowledge i ! -@)- Explain Abstract Concepts
QGapS Diagnostic - I -

= Track Learning 5 = Foster Learner Engagement
MJIQ N T Monitoring Y
Provide Automated Ensure Data Privacy
b irits Feedback
<] Adjust Task Difficulty 400
& Adaptivity

Figure 4. Human—Al division of pedagogical labor matrix

Conceptual modelling methods were employed to translate analytical findings into a coherent
instructional framework. The proposed hybrid model is structured according to a layered architecture
reflecting interactions among Al systems, pedagogical practices, and learner experiences. Dynamic
flow modelling techniques were applied to visualize information exchange among diagnostic
modules, instructional processes, and feedback loops.

Actor-function mapping was used to define the responsibilities of key participants in the
instructional process. Al systems were assigned functions related to monitoring, analytics, and
automated feedback. Teachers were responsible for conceptual guidance, motivation, and ethical
oversight. Learners were positioned as active agents responsible for engagement and reflection. This
mapping ensures balanced integration of technological and human contributions.
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Ethical and pedagogical principles were embedded within the methodological framework. Data
privacy, algorithmic fairness, transparency, and teacher autonomy were prioritized in accordance with
international guidelines [11]. Pedagogically, the framework emphasizes prevention of cognitive
overload, avoidance of learner isolation, and systematic professional development.

Validity of the conceptual model was ensured through triangulation across multiple theoretical and
empirical domains, including personalized learning theory, adaptive system research, informatics
education studies, and hybrid pedagogy frameworks [9; 12;]. Reliability was supported through
consistent application of thematic coding procedures and cross-verification of conceptual categories.

Several methodological limitations must be acknowledged. The absence of primary empirical data
restricts direct evaluation of classroom effectiveness. Variability in study quality and contextual
differences may affect generalizability. Rapid evolution of Al technologies may require periodic
model revision.

Despite these limitations, conceptual modelling provides a necessary foundation for subsequent
empirical research. The methodology establishes a systematic basis for experimental validation and
longitudinal investigation of hybrid personalized learning trajectories.

Results of the study

This section presents the results of the conceptual synthesis conducted on the basis of selected
Scopus- and Web of Science-indexed studies. The analysis integrates technological, pedagogical,
cognitive, and motivational dimensions of personalized learning in informatics education. The
principal outcome is the development of a hybrid instructional framework that combines artificial
intelligence—driven adaptivity with teacher-led pedagogy to support individualized learning
trajectories, particularly for low-achieving students.

The proposed model is designed as a dynamic multi-layered system in which artificial intelligence

and human instruction function in complementary roles. The framework responds to learners’
cognitive readiness, motivational states, and developmental needs while maintaining alignment with
curriculum standards.
At the core of the model lies a three-layer architecture representing interactions among technological
systems, pedagogical practices, and learner experiences. The first layer, the Al adaptive engine,
encompasses diagnostic modules, learner modelling algorithms, analytics tools, feedback generators,
and task sequencing mechanisms. This layer continuously processes learner data to identify mastery
patterns, misconceptions, and engagement trends [1; 6; 12].

The second layer represents teacher-led pedagogical processes, including conceptual instruction,
scaffolding strategies, classroom interaction, motivational support, and ethical supervision. Teachers
interpret Al-generated analytics and design targeted interventions for learners requiring additional
support [9].

The third layer reflects the learner experience and personalized trajectory. It includes engagement
with adaptive tasks, progression through competency-based milestones, and reflective activities that
promote self-regulation.

One of the central results of the synthesis is the identification of an optimal division of pedagogical
responsibilities between artificial intelligence and human teachers. Al systems demonstrate high
effectiveness in continuous performance monitoring, pattern detection, automated feedback
provision, difficulty adaptation, and learning outcome prediction [2; 7; 13]. These functions enable
scalable micro-level personalization in heterogeneous classrooms.

Teachers, in contrast, demonstrate comparative advantages in explaining abstract informatics
concepts, scaffolding metacognitive processes, supporting learner motivation, and managing
classroom dynamics [17; 19;]. Furthermore, teachers play a crucial role in contextualizing learning
analytics and ensuring pedagogical relevance.

The synthesis further reveals a recurring four-stage structure underlying effective personalized
learning trajectories. These stages form a cyclical process that integrates diagnostic assessment,
instructional design, adaptive practice, and reflective evaluation. As illustrated in Figure 5, this
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cyclical four-stage personalized learning trajectory model visually represents the dynamic interaction
between diagnostic assessment, pathway design, hybrid instruction, and mastery validation within an
iterative developmental loop.

The first stage involves diagnostic foundation, during which Al systems conduct adaptive
assessments to determine learners’ initial mastery levels and error patterns, while teachers collect
contextual and motivational information. The combined output is a comprehensive learner profile.

The second stage focuses on personalized pathway design. Al systems generate recommended task
sequences, while teachers refine these pathways in accordance with curricular and pedagogical
objectives.

The third stage consists of hybrid instruction and adaptive practice. Teacher-led explanations are
combined with individualized work on adaptive platforms, supported by real-time feedback and
dynamic difficulty adjustment.

The fourth stage emphasizes mastery validation and reflective practice. Al systems administer
adaptive assessments, teachers evaluate conceptual understanding, and students engage in guided
reflection.

Diagnostic
Assessment

( —\ @)=

Personalized

\ Learning
- Trajectory

Mastery
Validation
& Reflection
Hybnrid
Instruction
& Practice

Cyclical Four—Stage Personalized Learning Trajectory

Figure 5. Cyclical four-stage personalized learning trajectory model

An evidence-mapping procedure was conducted to establish theoretical grounding for the
proposed framework. This mapping links adaptive programming research [13; 21], personalization
meta-analyses [5], differentiation studies [14; 22], and hybrid pedagogy frameworks to specific model
components. The convergence of evidence enhances the theoretical reliability of the framework.

Evaluation of projected instructional impact indicates significant benefits for low-achieving
learners. The hybrid model reduces cognitive overload through gradual task progression, minimizes
error-related frustration through immediate feedback, and strengthens academic self-efficacy through
visible mastery milestones. These effects contribute to increased persistence, conceptual
understanding, and learner autonomy.

From the teacher’s perspective, the framework reduces workload associated with routine
assessment and manual differentiation. Automated analytics facilitate early identification of learning
difficulties and support data-informed instructional decision-making. Consequently, teachers can
focus on individualized coaching and instructional design.

At the classroom level, implementation of the hybrid model promotes inclusive, differentiated, and
learner-centered instructional environments. Differentiation becomes systematic, feedback becomes
continuous, and instructional processes become more transparent.
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Overall, the results demonstrate that hybrid Al—traditional instructional models provide a coherent
and theoretically grounded approach to personalized informatics education. The integration of
technological precision with human pedagogical expertise establishes conditions for sustainable
improvement of learning outcomes.

Discussion

The present study aimed to synthesize contemporary research on artificial intelligence—based
adaptive learning systems, personalized instructional frameworks, and differentiated pedagogical
practices in order to construct a hybrid model for personalized learning trajectories in middle-school
informatics education. The results demonstrate that systematic integration of Al-powered
technologies with teacher-led pedagogy creates a balanced instructional environment capable of
addressing the diverse cognitive and motivational needs of learners, particularly those exhibiting
persistent academic underachievement.

The findings confirm the complementary nature of human and artificial intelligence in educational
contexts. Al systems demonstrate strong capacity for micro-level instructional management through
continuous monitoring, automated detection of misconceptions, real-time difficulty adjustment, and
predictive analytics [1; 7; 12]. These functions enhance instructional responsiveness and enable
scalable personalization. Teachers, in contrast, provide essential human elements, including
conceptual clarification, motivational scaffolding, socio-emotional support, and ethical oversight [9].
This synergy supports the view of Al as a pedagogical partner rather than a replacement for educators.

The hybrid framework aligns with contemporary theories of learner-centered and mastery-oriented
instruction. By delegating routine analytical and assessment tasks to Al systems, teachers are able to
focus on higher-order instructional activities, such as facilitating deep conceptual understanding,
fostering metacognitive awareness, and supporting learner identity development. This redistribution
of instructional labor enhances pedagogical effectiveness and professional autonomy.

One of the most significant implications of the model lies in its potential to promote educational
equity. Low-achieving learners are disproportionately affected by delayed feedback, insufficient
differentiation, and limited opportunities for mastery. Adaptive learning systems mitigate these
disadvantages by providing individualized pathways and continuous formative assessment [12; 13;
14]. In informatics education, where cognitive load increases rapidly due to algorithmic complexity,
personalized trajectories enable students to progress at developmentally appropriate rates, thereby
reducing frustration and disengagement.

The results also indicate a substantial pedagogical transformation in informatics education.
Traditional approaches based on uniform instruction and standardized assessment are increasingly
replaced by competency-based progression, adaptive feedback mechanisms, and individualized task
sequencing. This transformation aligns with global trends toward digital pedagogy and data-informed
teaching practices [8; 16; 21].

From a practical perspective, the hybrid model offers multiple advantages for teachers. Learning
analytics enable early identification of conceptual gaps and facilitate targeted interventions.
Automated assessment reduces time devoted to routine grading, allowing greater focus on
instructional design and individualized coaching. Moreover, systematic use of data supports reflective
teaching practices and continuous professional growth.

Low-achieving students benefit from multi-dimensional support embedded within the framework.
Gradual task progression reduces cognitive overload, immediate feedback enhances motivation, and
teacher-mediated guidance fosters deeper understanding. The interaction of these factors promotes
development of self-regulated learning skills, which are essential for sustained success in informatics.

At the institutional level, the model provides administrators with a strategic framework for digital
transformation. Integration of adaptive platforms supports systematic monitoring of academic
progress, informs professional development planning, and aligns instructional practices with
inclusive education policies.
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Despite its advantages, several implementation challenges remain. Technological infrastructure
limitations, insufficient technical support, and unequal access to devices may constrain consistent
platform usage. Teacher readiness represents another critical factor, as many educators lack formal
training in Al literacy and data interpretation [23]. Comprehensive professional development
programs are therefore essential. Ethical and privacy issues require continuous attention. Adaptive
platforms collect sensitive learner data, raising concerns related to security, transparency, and
algorithmic bias. The hybrid framework emphasizes teacher mediation and institutional regulation as
safeguards against misuse of educational data. Another potential risk involves over-reliance on
automated feedback. While Al systems effectively support procedural accuracy, excessive
dependence may limit development of critical thinking and conceptual reasoning. Teachers must
therefore balance technological support with dialogic and reflective instruction.

Several limitations of the present study must be acknowledged. As a conceptual synthesis, the
research lacks primary empirical validation in classroom settings. Differences in national curricula,
technological infrastructure, and institutional cultures may affect generalizability. Rapid
technological development may also necessitate periodic revision of model components.

These limitations indicate important directions for future research, including experimental
validation of hybrid models, longitudinal investigation of learner development, and evaluation of
teacher professional development programs. Further studies should also explore integration of
generative Al tools for debugging support and metacognitive guidance.

Overall, the discussion demonstrates that hybrid human—Al instructional models represent a viable
and theoretically grounded approach to modernizing informatics education. When supported by
institutional policy, professional training, and ethical governance, such models can enhance learning
quality, promote equity, and foster sustainable pedagogical innovation.

Conclusion

This study developed a comprehensive hybrid instructional framework that integrates artificial
intelligence—driven adaptivity with teacher-led pedagogy to support personalized learning trajectories
in middle-school informatics education. Through systematic synthesis of selected Scopus- and Web
of Science-indexed studies, the research demonstrates that neither purely technological solutions nor
exclusively traditional instructional approaches are sufficient to address the diverse cognitive,
motivational, and developmental needs of contemporary learners, particularly those exhibiting
persistent academic underachievement.

The findings indicate that Al-based adaptive systems provide substantial pedagogical value
through continuous learner modelling, real-time feedback, dynamic task sequencing, and predictive
analytics. These functions enable micro-level personalization, reduce cognitive overload, and
facilitate mastery-oriented progression. At the same time, teachers remain central to effective
instruction by delivering conceptual explanations, socio-emotional support, motivational guidance,
and ethical supervision. The integration of these complementary strengths forms the foundation of a
balanced and sustainable personalized learning environment.

The proposed four-stage personalized learning trajectory, encompassing diagnostic assessment,
pathway design, hybrid instruction, and mastery validation, ensures continuous instructional
responsiveness and individualized pacing. Through iterative cycles of assessment, adaptation, and
reflection, learners receive targeted support aligned with their evolving competencies. This structure
promotes autonomy, persistence, and self-regulation, which are essential for long-term success in
informatics education. For low-achieving students, the hybrid framework offers an effective
mechanism for overcoming learning barriers associated with abstraction, syntax complexity, and
problem-solving demands. Immediate feedback reduces error-related frustration, adaptive task
progression enhances academic confidence, and teacher-mediated guidance fosters deeper conceptual
understanding. As a result, learners are more likely to sustain engagement and develop positive
academic self-concepts.

334



Abaii amvinoasvr Kaz¥I1Y-niy XABAPIIBICHI, « Qusuka-mamemamura vlivimoapuly cepusicol, Nel(93), 2026

From the perspective of educators, the model reduces workload associated with routine assessment
and differentiation while strengthening data-informed instructional decision-making. Teachers are
empowered to focus on meaningful pedagogical interactions, individualized coaching, and
professional reflection. At the institutional level, the framework supports strategic digital
transformation and promotes inclusive education policies.

Despite these advantages, successful implementation requires careful attention to infrastructural
readiness, teacher professional development, and ethical governance of educational data. Schools
must ensure adequate technological resources, provide sustained training in Al literacy, and establish
transparent policies regarding data security and algorithmic accountability.

As a conceptual study, the present research provides a theoretical foundation for subsequent
empirical validation. Future investigations should evaluate the effectiveness of hybrid personalized
learning trajectories in real classroom settings, examine long-term developmental outcomes, and
explore the pedagogical integration of emerging generative Al tools for debugging support, code
explanation, and metacognitive guidance.

In conclusion, hybrid integration of artificial intelligence and human pedagogy represents a
promising pathway for advancing personalized learning in middle-school informatics. By combining
technological precision with professional judgment and ethical responsibility, the proposed model
offers a robust approach to enhancing learning quality, promoting educational equity, and preparing
students for participation in an increasingly digital society.
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