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Abstract

This article presents a conceptual architecture for an intelligent educational platform in higher education.
The study focuses on integrating adaptive algorithms that automatically adjust instructional content according
to students’ proficiency levels. The proposed platform employs a modular structure, which supports
personalized learning through data analytics and machine learning techniques. A four-tier architecture was
developed, including the Presentation, Service, Logic, and Data layers. To evaluate student knowledge and
adjust instructional materials, the system incorporates models such as Bayesian Knowledge Tracing and Graph
Convolutional Networks. Simulation-based testing was conducted to verify the logical consistency of the
platform in the absence of real users. The results indicate that the architecture performs effectively and shows
potential for integration into contemporary Learning Management Systems. Overall, this study highlights the
role of adaptive technologies in enhancing personalized education and provides a foundation for further
research in intelligent learning platforms.

Keywords: artificial intelligence, educational platform, architectural design, adaptive algorithms,
personalization.

Introduction. Traditional static educational models often fail to fully account for differences
in students’ learning pace and existing knowledge gaps.

In the context of higher education in Kazakhstan, there is a strategic need to develop domestic
intelligent platforms that support adaptive and personalized learning in line with the “Digital
Kazakhstan” roadmap.

Studies in the field of intelligent educational technologies indicate that such systems play a key
role in enabling individualized learning and the transition from static to dynamic educational models
[1].

The core challenge in creating such systems is not only managing the educational content but
also designing an architecture that supports real-time adaptation and intelligent decision-making [2].
This study proposes a multi-layered architecture for an educational platform that uses Al algorithms,
including Bayesian Knowledge Tracing (BKT) to estimate student mastery and Graph Convolutional
Networks (GCN) to model topic dependencies, ensuring that students progress only after mastering
prerequisite concepts. The use of the BKT model allows for a mathematically precise calculation of
the probability of skill mastery based on the student's response history [3].

Unlike standard LMS, the proposed platform emphasizes the integration of diagnostic engines
with adaptive content delivery modules, allowing scalable, modular, and flexible deployment in

86


mailto:abitovarman5@gmail.com
https://doi.org/10.54251/2616-6429.2026.01.0011nu

Oymycmix Kazaxcman 2vinvim Kapuwicol - Becmuux nayxu FOocnoeo Kazaxcmana - South Kazakhstan Science Herald
Nel (33) 2026

existing university ecosystems. This approach ensures that personalization is not a feature, but a
fundamental principle of the learning process.

Materials and Methods

The development of the conceptual architecture was based on a systematic analysis of existing
adaptive learning systems and modular software design principles. To ensure the platform's
intelligence, the following methodologies were integrated:

1. Bayesian Knowledge Tracing (BKT): Used to model student knowledge as a latent
variable, updated based on observed performance. This allows the system to estimate the probability
that a student has mastered a specific skill [3, 4].

2. Graph Convolutional Networks (GCN): Implemented to represent the educational
curriculum as a knowledge graph, where nodes represent topics and edges represent prerequisite
dependencies. Graph neural networks have been widely studied for modeling such relational
structures and enabling automated learning of topic dependencies [5, 6].

3. Four-Tier Architectural Modeling: The system was designed using the principle of
separation of concerns, dividing the infrastructure into Data, Logic (Al), Service, and Presentation
layers. Layered architecture is a recognized approach for improving software maintainability and
scalability by localizing changes to specific layers and enabling independent evolution of system
components [7, 8].

Results and Discussion

Conceptual Architecture Design. The proposed architecture of the intelligent educational
platform is based on a four-tier model, which ensures flexibility and high data processing speed. This
structure includes the following layers:

1. Data Layer: Stores student profiles, educational content, and logs of user interactions.

2. Logic Layer (Al Core): The "heart"” of the system, where machine learning models analyze
student progress and adjust the curriculum.

3. Service Layer: Manages authentication, content delivery, and communication between
modules.

4. Presentation Layer: Adaptive web and mobile interfaces for students and instructors.

The core innovation lies in the Adaptive Engine, which uses a feedback loop to modify the
learning path after every assessment. According to Zhang et al. (2025), the use of Graph
Convolutional Networks allows the system to map dependencies between different subjects, ensuring
that a student does not move to "Topic B" without truly mastering "Topic A".

The proposed platform consists of four main layers: Data, Logic (Al Core), Service, and
Presentation. Figure 1 illustrates the high-level architecture, showing the flow of data and interaction
between modules.
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Figure 1. High-level architecture of the platform

Capabilities and Functional Advantages. The integration of Al into the university platform
provides several unique capabilities:

e Granular Knowledge Mapping: Unlike traditional systems that evaluate knowledge based on
entire courses, this architecture tracks mastery at the level of individual sub-topics. Systematic
reviews of Al in education indicate that fine-grained knowledge representation is important for
identifying specific learning needs and addressing knowledge gaps in technical disciplines [9].

e Dynamic Difficulty Adjustment: The system utilizes Bayesian Knowledge Tracing (BKT) to
calculate the probability that a student has mastered a skill. If the probability is low, the system
automatically injects remedial content. The properties of the BKT model allow for effective
prediction of student performance, which can be used as a basis for adaptive content delivery [4].

e Proactive Intervention and Predictive Analytics: Predictive models have been shown to
identify at-risk students at early stages of a course. Advanced data mining techniques and deep
learning algorithms support timely interventions, potentially improving student retention [10, 11].

Future Prospects and Strategic. Impact The implementation of this architectural design in the
higher education system of Kazakhstan, particularly at South Kazakhstan University, opens
significant prospects:

e Integration with the National Labor Market: Future iterations can synchronize learning paths
with the National Qualifications Framework of Kazakhstan. This ensures that the skills acquired by
students match the real-time demands of the industry.

¢ Al-Human Collaboration: The platform does not replace the teacher but acts as a “co-pilot,”
automating routine grading and allowing the professor to focus on mentorship and complex problem-
solving. This approach is consistent with modern pedagogical perspectives on Al-driven
personalization, which emphasize the supportive role of Al in enhancing, rather than replacing,
human teaching [12].

e Data-Driven Institutional Management: University management receives analytical data on
student performance, allowing for evidence-based decisions on curriculum updates and educational
strategies [13].
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The simulation of the architectural framework demonstrated its capability to handle real-time
adaptation requests. Key findings include:

e Logical Consistency: The integration of the Logic Layer (Al Core) with the Service Layer
allows for sub-second response times in adjusting learning paths. This demonstrates that modular
designs, as discussed in prior studies on layered architectures and high-load systems [7, 8], are
suitable for educational environments with substantial computational demands.

e Predictive Accuracy: By analyzing interaction logs within the architecture, the system can
provide pedagogical interventions that adapt to each learner’s progress. Prior research on Bayesian
Knowledge Tracing (BKT), educational data mining, and intelligent tutoring systems supports the
feasibility of such adaptive approaches [3, 4, 10].

e Comparison with Existing Systems: Unlike standard LMS platforms, the proposed design
emphasizes proactive rather than reactive learning. Previous studies have highlighted that Al-driven
environments can enhance student engagement by adapting content to learners’ cognitive load and
individual progress [9, 10, 11].

Conclusion

The conceptual architecture presented in this study provides a robust framework for
transitioning higher education from static learning management systems to intelligent, adaptive
environments. By integrating four specialized layers-Data, Logic (Al Core), Service, and
Presentation-he proposed design ensures that personalization is not just a feature, but the foundational
principle of the educational process.

The key findings of this architectural analysis suggest that:

1. Systemic Integration: Adaptive algorithms, specifically those using GCN and BKT,
effectively bridge the gap between individual student needs and complex academic requirements.

2. Scalability: The modular design allows for seamless integration with existing university
infrastructures, making it a viable solution for large-scale implementation in Kazakhstan's
universities.

3. Future-Proofing: The architecture’s ability to align learning paths with real-time labor
market demands ensures the long-term relevance of the educational outcomes.

Ultimately, the successful implementation of such a platform at South Kazakhstan University
will serve as a pilot model for the nationwide modernization of the digital educational ecosystem.
Future work will focus on the empirical validation of the logic layer's performance using real-time
university datasets.
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AJAIITUBTI KU AVITOPUTMAEPIHE HET'T3AEJII'EH UHTEJIVIEKT YAJI/IbI BIJIIM
BEPY IIVIAT®OPMACBIHBIH APXUTEKTYPAJIBIK ’/KOBAJTAHYbI

Tyiiin

Makasna xorapbl OiTiM YIUiH HHTENIEKTyalabl OiniM Oepy mmiIaTOpMachiHBIH KOHIETITYal bl
APXUTEKTYPACBIH YCHIHAABI. 3epTTEY CTYACHTTEPAIH JalbIHABIFbIHA COMKEC OKY MaTepHasblH aBTOMATTHI TYPAE
OeliM/ICHTIH aanTHBTI aJrOPUTMACP/l UHTErpalusIIayFa OarbITTaFad. ¥ ChIHBUIFAH 1iardopMa MOIYIbIiK
KYpBUIBIMABI NaiganaHaasl, 0J AEPEKTEpIl Taygay >KOHEe MallMHAJIBIK OKBITY SAiCTEpiH KOJAaHa OTBIPHII,
KEKE OKBITYIbl KaMTaMachl3 ereli. TepT AeHreili apXuTeKTypa o3ipJieHAl: Npe3eHTAalUsUIbIK, CEpPBUC,
JIOTHUKAJIBIK XKoHE JepeKTep AcHreinepi. CTyaeHTTepAiH OLTiMiH Oarajay *oHe OKy MaTepHalIbIH TY3eTy YIIiH
xyHe Bayesian Knowledge Tracing »xone Graph Convolutional Networks Momenbaepin KoJmaHabl.
Mopenbaey HakThl NaiganaHylbUlap KaTbiCTaii-ak IuiaTGOpMaHbIH JIOTHKAJIbIK TYTACTBIFBIH pacTaibl.
Hotwxkenep apXuTeKTypaHbIH THIMAUINIH KOPCETIN, OHbI Kasipri OuriM Oepy Oackapy KyiesepiHe
WHTETpalysiay — oneyeTiH  pacraiinel.  JKammbl, Oyl 3epTTey  aianTHBTI  TEXHOJOTHSUIAPIBIH
MEPCOHANM3HUPIICHTEH OKBITYIbl JAMBITYAarbl POJIiH KepceTell >KoHe MHTEIUIeKTyalnasl OiniM  Oepy
aTgopManapblH opi Kapai 3epTTey YUIIH HeTi3 Kypaisl.
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Kinrrik ce3mep: >xacaHabl HWHTEUICKT, OuliM Oepy ImiardopMachl, apXUTEKTypajblK KoOaliay,
OeifiMIeNTiIT adropuTMIED, KEeKEeICHIIPY.
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APXUTEKTYPHOE TIPOEKTUPOBAHUE UHTEJUIEKTYAJIBHOM
OBPA3OBATEJIbHOM IIVIAT®OPMBI HA OCHOBE AJIAIITUBHBIX AJITOPUTMOB
nn

AHHOTAUA

B craree mnpencraBieHa KOHLENTyalbHas apXUTEKTypa WHTEIUIEKTyallbHOM 00pa3oBaTenbHOM
wIaTGopMel Ui BhICIIETO OOpa3zoBaHus. lcciiemoBaHue COCPEIOTOYCHO HAa WHTETPAlMK aJalTHBHBIX
AITOPUTMOB, KOTOpbIE aBTOMAaTHYECKH IIOJCTPAMBAIOT y4YeOHBIM MaTepual IOJ YPOBEHb IOATOTOBKH
cryaentoB. [Ipeanaraemass r1atopMa HUCHONB3YyeT MOAYIBHYIO  CTPYKTYpY, OO€CIIEUHBAIOIIYIO
NEpCOHATIU3UPOBAHHOC O6y‘-ICHI/IC C MPUMCHCHUCM aHAJIUTHUKU JAaHHBIX U METOJOB MAlIMHHOI'O O6y‘ICHI/ISI.
Pa3paboTana 4eThIpEXypOBHEBAs apXUTEKTYPa, BKIFOUAOIIAS IPE3CHTAIMOHHBIN, CEPBUCHBIN, JIOTHYECKUH U
YPOBEHb JaHHBIX. J[J1s1 OIIeHKH 3HAaHUH CTYICHTOB M KOPPEKTUPOBKH Y4EOHOT0 MaTepHrajia CHCTEMa IPUMEHSIET
Mozenu, Takue kak Bayesian Knowledge Tracing m Graph Convolutional Networks. MopenupoBanue
MOATBEPIUIIO JIOTHYECKYIO LIEIOCTHOCTD MJIaT(OPMBI IPH OTCYTCTBHH PEaJIbHBIX IOIb30Barenei. Pe3ynsrars
MOKA3bIBAIOT, YTO APXHUTEKTypa paboraeT >(PQPEeKTUBHO M 00JajaeT MOTCHUWAIOM MJIs HHTErpalud B
COBpPEMEHHbBIE CUCTEMbI yIIpaBjieHHUs o0yueHueM. B 1iesiomM, ucciaeqoBanue moquépKuBaeT poiib alalTHBHBIX
TEXHOJIOTHH B 00ECHEUeHNH TMEePCOHANM3UPOBAHHOIO OOYYEeHHSI W CO34aéT OCHOBY JUIs JallbHEWIIHX
HCCIIEI0OBAHUI HHTEIUIEKTYaJIbHBIX 00pa30BaTesIbHBIX TUIAT(GOpPM.

KioueBble ci0Ba: WCKYCCTBEHHBIH HWHTEIUIEKT, oOpa3oBareibHas IuiaTgopma, apXUTEKTypHOE
MIPOEKTUPOBAHKE, aJalITUBHBIE aJITOPUTMBI, IEPCOHATM3ALIUS.
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