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PERSONALIZED LEARNING IN COMPUTER SCIENCE FOR GIFTED STUDENTS:
A SYSTEMATIC REVIEW

Annotation

Personalized and adaptive learning is one of the key directions in digital pedagogy and is highly important in
teaching computer science to gifted students. The aim of this systematic review is to analyze adaptive and personalized
approaches to teaching computer science and to assess their effect on the formation of key competencies and academic
performance of high-performing learners. Following the PICOC (Population, Intervention, Comparison, Outcome,
Context) framework, the target population of this study is gifted students. The intervention is the use of adaptive and
personalized methods in teaching computer science, in comparison with traditional instructional methods. The outcomes
of the analysis include the development of key competencies and the improvements of academic performance.

The systematic review was conducted following the PRISMA (Preferred Reporting Items for Systematic Reviews
and Meta-Analyses) protocol and was based on studies published between 2014 and 2025 in academic databases such as
Scopus, Web of Science, ERIC (Education Resources Information Center), SpringerLink, and ScienceDirect. The final
review included studies assessing the effectiveness of adaptive digital platforms, personalized learning trajectories,
intelligent tutoring systems, and learning analytics tools in computer science education.

The outcomes of the study indicate that personalized and adaptive instructional methods in teaching computer
science result in the advancement of algorithmic and critical thinking. It can also be noted that these approaches contribute
to the development of student independence and that gifted students demonstrate improved academic performance.
However, the research has some limitations, such as fragmented studies, a lack of standard evaluation methods, and
insufficient data from developing regions. This indicates that more research is needed on adaptive technologies and on
fully integrating personalized teaching methods into computer science education.

Key words: computer science, personalized learning, adaptive learning, systematic review, PICOC, PRISMA, gifted
learners.

Introduction. The rapid advancement of digital technologies has increased the demand for
pedagogical models that take into account learners’ individual characteristics and potential. This need
is particularly relevant for gifted learners, who demonstrate accelerated mastery, high cognitive
activity, and a sustained interest in complex intellectual tasks. In the field of computer science —
which requires high levels of abstraction, constant renewal of knowledge, and engagement with
complex concepts — personalized and adaptive learning has become one of the most promising
directions.

In recent years, personalized learning has often involved intelligent tutoring systems (ITS),
learning analytics, and adaptive digital platforms that automatically adjust content, difficulty, and
pacing to fit each learner’s profile. These technologies help create personalized learning paths, which
is especially important for gifted learners who adapt quickly and need flexible, tailored support [1].

Studies show that adaptive digital tools enhance students’ learning motivation and engagement,
develop algorithmic thinking, and improve the quality of knowledge acquisition in computer science
[2, 3]. Despite the growing number of studies in digital personalization, notable inconsistencies
remain in the terminology and methodological approaches used. Moreover, there is a shortage of
empirical data specifically related to gifted learners [4]. Most studies examine adaptive learning
technologies at a broad level, without clearly demonstrating the direct impact of particular digital
tools or personalized methods on the academic performance of gifted school students or university
learners [5]. The effectiveness of personalized instruction in computer science also remains
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insufficiently defined — both in terms of academic outcomes and the formation of core competencies
such as computational thinking, digital literacy, and learning autonomy [6].

Personalized learning is based on the principle of flexible organization of the educational
process, in which learning goals, content, pacing, and instructional strategies are adapted to individual
learner needs. In such a model, instruction is not a linear process. It becomes a dynamic system where
learners have an opportunity to choose, and where teachers play the role of facilitators who help to
correct the educational trajectory depending on the students' competencies.

Adaptive digital platforms play a key part in connecting teachers and learners in this process.
They help to generate individualized recommendations based on students’ work with regard to task
complexity, information-processing speed, and regularity of mistakes.

This approach is especially useful for gifted students, because traditional programs often do not
match their learning speed and fail to provide the required level of intellectual complexity. In this
context, adaptive systems help by gradually adding harder tasks and creative projects that fit each
student’s abilities. In these digital environments, students become more independent, think more
about their learning, and take more responsibility for it. This leads to deeper and longer-lasting
interest in learning computer science.

As a result, gifted learners will learn faster than their non-gifted peers, but also be able to gain
in-depth knowledge regarding programming, algorithms, and computational thinking. Together,
these abilities are the basis for future research and innovation in computer science.

Given these considerations, a systematic review is needed to synthesize existing research and
identify which personalized and adaptive instructional methods demonstrate the highest effectiveness
in teaching computer science to gifted learners. Accordingly, the following research questions (RQ)
were formulated:

RQI. Which personalized instructional methods are effective in enhancing academic
achievement among gifted learners in computer science?

RQ2. How do adaptive learning methods influence the academic performance and development
of key competencies in gifted learners?

This review aims to address existing gaps in the literature and provide a comprehensive
understanding of the capabilities and limitations of adaptive approaches used to teach computer
science to gifted learners.

Methods and Materials. This study was conducted in the format of a Systematic Literature
Review (SLR) and was methodologically grounded in the PRISMA 2020 guidelines. The selection
of literature followed the PICOC framework. In this model, the target population (Population)
consisted of gifted learners; the intervention (Intervention) referred to adaptive instructional methods
in computer science; the comparison (Comparison) involved traditional teaching approaches; the
outcomes (Outcomes) included academic achievement and the development of core competencies;
and the context (Context) was defined as the digital learning environment.

The search strategy was implemented using major international scholarly databases such as
Scopus, Web of Science, ERIC (Education Resources Information Center), SpringerLink, and
ScienceDirect. Combinations of relevant keywords were used, including “adaptive learning,”
“personalized learning,” “computer science education,” “gifted students,” “digital platforms,” and
“learning analytics.” To ensure the relevance of the review, the analysis was limited to publications
from 2014 to 2025.

The criteria for inclusion in the study were defined as follows:

- Empirical studies on adaptive or personalized learning methods in computer science education;

- Studies with gifted learners or high-achieving student groups;

- Articles with clear research methods and data analysis procedures;

- Articles in peer-reviewed journals or conference proceedings.

We excluded articles for the following reasons:

- Publications without empirical data;

- Research not related to computer science;

-Articles published in non-peer reviewed journal;
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- Studies where adaptive technologies were not clearly described.

First, the duplicate records were identified and removed. Then, titles and abstracts were screened
for relevance. After that, we reviewed full-text articles and evaluated them using PICOC criteria. We
documented each step of the selection process with a PRISMA flow diagram.

To systematize the data, a coding table was employed. It included the following categories: year
of publication, country, study design, sample characteristics, type of adaptive or personalized
technology used, study outcomes, and key conclusions reported by the authors. A thorough
qualitative and content analysis made it possible to identify recurring methodological patterns,
strengths and limitations of the reviewed studies, and general trends in the effectiveness of adaptive
approaches in teaching computer science.

Results and Discussion. The initial search conducted across Scopus, Web of Science, ERIC,
SpringerLink, and ScienceDirect for the period 2014-2025 identified a total of 1128 publications.

After removing duplicate records (n = 276), a total of 852 unique publications were retained for
further screening.

During the initial screening of titles and abstracts, 617 studies were excluded based on the
PICOC criteria because primarily because they did not address computer science education, did not
involve gifted/high-ability learners, or described digitalization without a clear adaptive/personalized
component.

Full-text assessment excluded an additional 213 articles due to insufficient methodological
detail, lack of empirical outcomes, unclear intervention descriptions, weak linkage to gifted/high-
achieving samples, or inconclusive findings. Ultimately, 22 empirical studies met all eligibility
criteria and were included in the final synthesis.

The study selection process was carried out in accordance with the PRISMA 2020 methodology,
and the full screening results are presented in Figure 1.

Characteristics of the included studies. The analysis of the 22 studies included in the review
demonstrated several systematic structures characterizing the current state of personalized and
adaptive approaches in the teaching of computer science to gifted students. The geographical scope
of the studies includes 15 countries, including the United States, Germany, Spain, Austria, Greece,
Tiirkiye, China, Japan, the Republic of Korea, Canada, Malaysia, and Australia. This broad
geographical coverage indicates strong international interest in digital platforms that support
personalized learning systems.

The rapid increase in the number of articles published on this topic during the period from 2020
to 2024 may serve as evidence of the accelerating digitalization of education and the widespread
adoption of ITS. The steady growth of research interest in this area since the beginning of 2017 also
indicates the increasing practical and scientific importance of the problem.

The literature review showed that research in this area is distributed across several directions,
including personalized learning, adaptive digital systems and learning analytics. Most studies focused
on personalizing the learning experience (42%), indicating the high significance of an individualized
approach for gifted learners. Studies investigating ITS account for another major part of the reviewed
articles (35%) and are mostly concentrated on adaptive feedback, automatic analysis, and
mechanisms for regulating task complexity.

Around 23% of the publications were related to learning analytics and considered problem
related to data-driven decision-making, prediction of learning outcomes, and optimization of learning
trajectories. Studies directly focusing on adaptive digital platforms accounted for around 10% of the
reviewed publications and addressed the role of digital learning environments in enhancing creativity
and supporting personalized learning practices. These summarized data are presented in Table 1.

Overall, the percentage distribution indicates that personalized learning and adaptive
technologies constitute one of the key directions in contemporary research on computer science
education.
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Figure 1. PRISMA flow diagram

Source: compiled by the author

Table 1. Summary Analysis of Studies on Personalized Learning Paths, ITS, and Learning

Analytics
Ne | Author Country Year | Study Type Research Focus Technology /
Approach
1 | Renzulli USA 2014 | Conceptual Personalized learning Renzulli Learning
paths
2 | Eysink Netherlands | 2020 | Experimental Personalized learning BE COOL!
paths
3 | Hinterplattner | Austria 2021 | Experimental Personalized learning Interdisciplinary
paths + project-based projects
learning
4 | Shubina Turkey 2019 | Practical study Adaptive platforms Pervasive learning
5 | Gilson USA 2023 | Practical study Personalized learning Classroom
paths / gifted learners differentiation
6 | Mercimek Turkey 2020 | Experimental Multimedia tasks Multimedia load
7 | Shemshack USA 2020 | SLR Personalization Conceptual
terminology synthesis
8 | Pane USA 2017 | Empirical Personalized learning RAND PL model
9 | Koper Netherlands | 2014 | Theoretical Smart learning Smart learning
environments design
10 | du Plooy South 2024 | Scoping Review | Personalized adaptive Adaptive design
Africa learning
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11 | Ma Canada 2014 | Meta-analysis Effectiveness of ITS ITS evidence
12 | Aleven USA 2016 | Theoretical, Example-Tracing Tutors CTAT
Experimental

13 | Heffernan USA 2014 | Experimental ASSISTments ASSISTments

14 | Wang China 2023 | SLR ITS applications Various ITS

15 | Gutiérrez Spain 2011 | Experimental ITS: adaptive feedback Adaptive feedback
selection

16 | Le USA 2016 | Review Feedback classification Adaptive feedback
taxonomy

17 | Perikos Greece 2017 | Experimental ITS feedback mechanisms | Feedback
mechanisms

18 | Papamitsiou Greece 2014 | SLR Learning analytics EDM + LA

19 | Romero Spain 2013 | Review Educational data mining EDM

20 | Banihashem Netherlands | 2022 | SLR LA & feedback Learning analytics

21 | Hooshyar Iran 2023 | SLR LA & student agency LA models

22 | Pan China 2024 | SLR Learning analytics LA frameworks

Source: compiled by the author

Recent research shows that personalized learning pathways help gifted students make more
academic progress. Studies also find that these paths help teachers better understand gifted students’
needs and support their cognitive and creative growth. Many researchers point out that digital
technologies make it easier to personalize learning, match tasks to students’ interests and abilities,
and create online environments that encourage social interaction and inquiry-based learning.

In their systematic analysis, Shemshack and Spector (2020) demonstrated that conceptual clarity
in personalization-related terminology and methods enhances students’ learning motivation and
deepens their engagement with instructional content [7]. Similar findings were reported in RAND
Corporation’s large-scale study. Pane et al. (2017) confirmed, using robust empirical data, that
personalized learning contributes to higher achievement levels and allows learners to regulate their
own pace of study effectively [8]. Koper (2014) [9] described smart and adaptive learning
environments as pedagogical models capable of supporting effective personalization through
automated task adjustment mechanisms based on learner proficiency levels. According to the author,
data-driven adaptation logic is one of the key determinants of the success of personalized learning
pathways.

du Plooy (2024) further demonstrated that adaptive learning trajectories increase academic
performance and subject motivation, highlighting the growing relevance of personalization in higher
education [10]. Collectively, these findings indicate that personalized instructional methods strongly
contribute to the development of creative thinking, analytical abilities, and problem-solving skills—
competencies that are especially critical for gifted learners when engaging with complex, inquiry-
focused tasks.

Research on ITS likewise illustrates the strong potential of personalization. The meta-analysis
conducted by Ma et al. (2014) [11] confirmed that ITS-based instruction substantially outperforms
traditional teaching approaches. Aleven, McLaren, and Koedinger (2016) [12] demonstrated, through
the Example-Tracing Tutors model, that precise monitoring of learner actions and adaptive feedback
can accelerate the acquisition of complex skills. Similarly, the ASSISTments ecosystem developed
by Heffernan and Heffernan (2014) [13] was shown to enhance mastery of mathematical logic by
providing timely, targeted feedback generated through automated error analysis. Wang et al. (2023)
further highlighted that the dynamic adaptation capabilities of modern ITS platforms are particularly
beneficial for gifted learners [14].

The role of adaptive algorithms within ITS has been a central topic of investigation. Gutiérrez
etal. (2011) [15] found that selecting appropriate adaptive feedback strategies significantly increases
instructional accuracy and efficiency. Le’s (2016) classification of adaptive feedback types [16]
provided a systematic framework for aligning feedback mechanisms with learners’ cognitive levels,
offering valuable guidance for effective application in individualized learning contexts. Perikos and
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colleagues (2017) showed that targeted guidance and algorithmically tailored hints enhance
performance on complex tasks, underscoring the importance of algorithmic adaptation in ITS [17].

Taken together, evidence from meta-analytic and systematic studies suggests that ITS support
learning gains through continuous monitoring of learner actions, adaptive sequencing of tasks, and
timely, targeted feedback. Meta-analytic findings indicate that ITS-based instruction outperforms
traditional approaches in terms of learning outcomes, while empirical ITS designs show that step-by-
step scaffolding and adaptive feedback accelerate the acquisition of complex skills. These effects are
strengthened when feedback is aligned with learners’ cognitive level and typical error patterns,
enabling more accurate guidance in problem-solving contexts.

In the field of learning analytics (LA), research has focused on expanding the capabilities of
data-driven monitoring, prediction, and feedback in digital learning environments. Papamitsiou and
Economides (2014) showed that LA and educational data mining support instructional decision-
making through the interpretation of learner performance and the optimization of personalized
feedback [18]. Romero and Ventura (2013) emphasized that educational data mining methods can
diagnose learning difficulties and generate tailored recommendations [19]. Banihashem et al. (2022)
reported that LA can enhance feedback practices in higher education by enabling rapid, data-informed
instructional adjustments [20]. Hooshyar et al. (2023) highlighted the role of predictive models and
visualization in strengthening learner agency and academic outcomes [21]. Pan et al. (2024)
summarized major LA frameworks and indicated that analytics-based interventions are increasingly
used to predict learning trajectories, identify skill gaps, and support personalization in learning
management systems [22].

Overall, the systematic comparison of existing studies revealed several leading pedagogical and
technological approaches that support personalization in computer science education. These
approaches enable the customization of learning content, dynamic adaptation to learner actions,
automated error analysis, and data-driven instructional decision-making. Table 2 provides a
structured synthesis of all studies, evaluating their impact on gifted learners and comparing the
strengths and limitations of the applied research methods.

Table 2. Impact of personalized and adaptive approaches in Computer Science education for gifted

learners
Method / Key Studies Impact on Gifted Strengths of Limitations
Technology Learners Effectiveness
Personalized Renzulli (2014), Eysink | Accelerated learning, | Interest-aligned content; | Complexity of
Learning Paths (2020), Hinterplattner | increased motivation, | individualized pacing; | diagnostics; high
(2021), du Plooy (2024) | creative development | reduced cognitive load demands on
teachers
Intelligent Ma (2014), Aleven | Development of | Dynamic task | Infrastructure
Tutoring (2010), Heffernan | algorithmic thinking; | complexity; precise | requirements;
Systems (ITS) (2014), Wang (2023) faster problem | feedback; high | challenges in
solving; logical | adaptation accuracy content
precision localization
Adaptive Gutiérrez  (2011), Le | Rapid error | Feedback aligned with | Limited large-
Feedback (2016), Perikos (2017), | correction; error types, adaptation to | scale  validation;
reflection; self- | cognitive level domain
regulation dependency
Learning Papamitsiou ~ (2014), | Early identification | Automated  trajectory | Dependence  on
Analytics (LA) Romero (2013), | of learning gaps; | prediction; targeted | data quality; risk of
Banihashem (2022), | learning path | recommendations misinterpretation
Hooshyar (2023), Pan | prediction; learner
(2024) autonomy
Smart Learning | Koper (2014), 2022 | Inquiry-based Intelligent  adaptation | Technical
Environments Systematic Review learning;  research | logic complexity
engagement
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Online/ Digital | Shubina (2019), Gilson | High learning pace | Broad content coverage; | Internet  quality

Adaptive (2023), Mercimek | even in  remote | accessibility constraints;

Platforms (2020), E-learning | settings multimedia
studies overload

Source: compiled by the author

As shown in Table 2, each learning method has its own specific strengths and limitations. ITS
and adaptive algorithms mainly contribute to the development of algorithmic, logical, and critical
thinking skills, whereas approaches based on learning analytics assist in developing learning
strategies and forming students’ metacognitive skills. Accordingly, personalized learning trajectories
enhance the speed of processing complex computer science content and stimulate the development
of creativity and investigative skills.

Based on the results of the investigation, it can be noted that the answer to RQ1 indicates that
the most effective personalized learning methods in computer science include personalized learning
trajectories, ITS, adaptive feedback systems, and learning analytics methods. These approaches
enable the provision of cognitively challenging tasks aligned with gifted learners’ high intellectual
potential, allow individualized pacing, and support the optimization of cognitive load.

With regard to RQ2, the findings demonstrate that these methods not only improve academic
achievement among gifted learners but also contribute to the development of algorithmic thinking,
problem-solving skills, metacognition, research abilities, and digital competencies. ITS platforms
primarily strengthen logical and algorithmic reasoning, while learning analytics technologies enhance
individualized prediction and management of the learning process. Adaptive feedback enables rapid
error correction and reinforces reflective learning processes, whereas smart learning environments
foster inquiry-based learning and creative potential.

Conclusion. This systematic review analyzed 22 high-quality empirical studies published
between 2014 and 2025 and provided a comprehensive evaluation of the effectiveness of personalized
and adaptive approaches to teaching computer science to gifted learners. The analysis enabled clear
and evidence-based answers to the research questions.

Overall, the evidence confirms that personalization and adaptive learning have become
important pedagogical phenomena in computer science education. Personalized learning paths, ITS,
adaptive feedback mechanisms, and learning analytics technologies were found to enhance gifted
learners’ academic achievement, computational thinking, complex problem-solving abilities, and
cognitive autonomy. These approaches support alignment of learning content with proficiency levels,
dynamic task regulation, timely feedback, and data-driven prediction of learning trajectories.

At the same time in this review were identified methodological limitations including lack of
standardized evaluation indicators, limited evidence from developing countries, and insufficient
testing scope for some approaches. These factors constrain the generalization of the results.
Nevertheless, the accumulated evidence indicates that adaptive and personalized instructional
approaches remain a promising direction for supporting gifted learners in computer science
education.

The findings imply the need to further enhance in personalization approaches, integrate ITS and
learning analytics tools, and expand practical testing of digital platforms for gifted learners. Future
research should broaden the empirical base, apply mixed-methods designs, and assess pedagogical
effectiveness using standardized metrics. Adaptive and personalized learning thus demonstrates
strategic importance in improving computer science education and strengthening the research and
creative potential of gifted learners.

Acknowledgment. This study was conducted and published within the framework of the
Professor—Researcher Program at Khoja Akhmet Yassawi International Kazakh—Turkish University.
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JAAPBIH/IBI BITIM AJTYHIBITAPFA THOOPMATHUKAHDBI JIEPBECTEHAIPIII
OKBITYABIH TOCIJIAEPI BOUBIHIIIA KYUEJII INOJY

Axoamna

JepOecTeHnipinTeH *KoHE aganTUBTI OiTiM Oepy — 3aMaHayd IUQPIBIK MeIaroTHKaHBIH HETi3Ti OarbITTaphIHBIH
0ipi, acipece mH(MOPMATHKA CallaCBIHAA AAPBIHABI OKYIIBUIAPABI Haspiay yAepiciHAe ©3eKTi Ooibm TaObutambl. by
JKYHEIIK TalnaayaplH MaKcaThl — MHPOPMATHKA TIOHIH OKBITYJaFbl aJanTUBTI OiiM Oepy MeH AepOecTeHIIPIITeH OKBITY
o/icTepiHe IOy jKacay jKOHE OJApABIH NapbIHIBI OLTIM adyIibuiap MEH CTYACHTTEPiH HeTiri KY3BIPEeTTUTIKTEPiHiH
KaJIBITITACYybl MEH OKY XKeTicTikTepiHe acepin Oaramay. PICOC mopeniHe colikec 3epTTEyAiH MaKCaTThl TOOBI PETiHAC
JApBIHABI OUTIM amymbUIap aWKBIHAAIIBL, WHTCPBEHIMA PETiHAC — WHPOPMATHUKAJAaH AJaNTHBTI OiuTiM Oepy MeH
JiepOecTeHIIPreH OKBITY OJiCTepi; CalbICTBIPY HBICAHBI pETiHIAE — WH(OPMATHUKAHbl ASCTYPJl OKBITY Taciiiepi;
HOTHKEJIEP PETIH/E — HeTi3r1 Ky3bIPETTUTIKTEP/IIH AaMybl MEH OKY JKETICTIKTEPiHIH AMHAMUKACHI KAPACTHIPBLIJIBL.

Kyienik Tannay 2014-2025 xpuiap apaibiFbIHIAFl XaJIbIKAPAIBIK FEUIBIMH JIEPEKKOP MaTepHaiapbl Heri3iHe
PRISMA xattamacsiHa caii )xy3ere achlpbuiibl. KOPBITHIH/BI AepeKTep KOPbIHA aAanTUBTI M PIBIK 1aTdopMaapibiH,
Keke OimiM Oepy TpaeKTOPHsUIAPBIHBIH, WHTEUICKTYalIbl OlTiM Oepy KyHelepiHiH jKOHE OKy MCPEKTepiH Tajjayra
apHAIFaH KypalaapIblH THIMIUTITIH OaramaiThH 3epTTeyIiep SHTi31II.

lony HaTKenepi HHGOpMATHKa OHIH epOeCTEH i PIIreH KoHe alallTUBTI TOCUIIEP apKbUIBI OKBITY aJITOPUTMIIK
YKOHE CBIHU OMJIAy JaF/AblJIapbIHBIH KAPKBIH/IBI JAMYbIH KAMTaMachl3 €TETiHIH, JapbIHIIbI 0171IM aTyIIblIap IbiH 63 OeTiHIIe
KYMBIC jkacay KaOUIeTIH KYIIEHTETiHIH >KOHE aKaJeMMSUIBIK YIrepiMiH apTThIpaTbiHBIH KepcerTi. COHBIMEH KaTap
3epTTeyNiepAiH (parMeHTapibFbl, OipblHFai Oarasay MeTpPHKaJIapbIHBIH OOJMaybl J>KOHE IaMyIIbl aiMakTap
JIepEKTEePiHIH )KETKITIKCI3Iri CUSKTHI 9{ICHAMAIBIK [IEKTEYJICp aWKBIHIAIBI. AJTBIHFAH HOTHOKEIep HHPOPMAaTHKa O1TiM
Oepy KyleciHae afanTHBTI TEXHOJIOTHAIAPABI O/1aH 9pi 3epTTey XKoHE IepOECTEHAIPINTeH OKBITY TOCIIAEPiH KeImeH i
€HTi3y KaKEeTTIJIriH KepceTesi.

Tytiinoi co30ep: nHpOpPMATHKA, KEKEIEHAIPIIreH OKBITY, aJalTHBTI OKBITY, yHemik tanaay, PICOC, PRISMA,
JApBIHABI OLTIM amymsIIap.

Basu6ait ®.T.!, *bex6onar M. C.2, Bepkumbaen K.M.>
! FOxcno-Kazaxcmanckuii nedazoeuueckuii ynusepcumem umenu O. Kanibexosa
23 Mearcoynapoonsiii kazaxcko-mypeyxutl ynusepcumem umenu Xooacu Axmeda Hcasu
! Kazaxcman, Hlvivmxenm
23 Kasaxcman, Typxecman

CUCTEMATHUYECKHA OB30P METO/IOB IEPCOHAJIM3UPOBAHHOI' O
OBYYEHUA HHPOPMATHUKE OJAPEHHBIX OBYYAIOIIUXCA
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AnHomayus

[lepcoHan3upoBaHHOE U aJaNITHBHOC OOpa30BaHUE SIBIISCTCS OJHUM K3 OCHOBHBIX HAMPABICHHUNA COBPEMEHHOU
UU(PPOBOM TEJArOTUKH, OCOOCHHO AaKTYaJIbHBIM B MPOILECCE MOJATOTOBKM OJAPCHHBIX YYalMXCs B OO0JACTH
nHpopmatukd. Lleaplo 3TOro  cHUCTEMaTHYecKoro o0030pa  sBISETCS aHANN3 METOAOB  aNalTHBHOTO U
TIEPCOHAIM3UPOBAHHOTO O0YUICHHUS B MIPEToIaBaHIH HH(POPMATHKH U OIICHKA X BIUSHUA HA (OpPMUpPOBaHHE KITFOUEBBIX
KOMIICTEHIINHA U yCIEeBAaeMOCTh OJapeHHBIX YYaIIUXCs B CTyAeHTOB. B coorBercTBHU ¢ Mozensio PICOC B kagectBe
LIEJIEBOM TPYIITBI UCCIIENOBAHUS OIIPEeNIeHbl OAapeHHbIe 00yJaromuecs; B Ka4eCTBE HHTEPBEHIINH PacCMATPUBAIUCH
aJlanITHBHOE 00pa30BaHUE U MTEPCOHAIM3MPOBAHHBIE METOIBI 00yUeHN HHPOPMATHKE; B KauecTBE ()OPMBI CpaBHCHHS —
TPaIUIIMOHHbBIE TIOAXOIBI K 00YUYCHHIO HH(POPMATHKE; B KAUECTBE PE3YIbTAaTOB — PA3BUTHE KIFOUYEBBIX KOMIICTCHIINN 1
JTMHAMUKA YICOHBIX JOCTHKCHHM.

CucTeMHBII aHalM3 OCYHIECTBISICST B COOTBETCTBMM C TMpoTokosomM PRISMA Ha ocHoBe MaTepuanoB
MEXITyHAPOJHOUM HayuHOU 0a3bl maHHBIX 32 2014—2025 roael. OkoHuUaTenbHast 0a3a JaHHBIX BKIIOYAa MCCIICIOBAHUS,
oreHuBaromue 3QHEeKTUBHOCTh IaTHBHBIX MA(POBBIX MIaTHOPM, HHIUBUAYATBHBIX 00pa30BaTCIbHBIX TPACKTOPHUH,
MHTEIUICKTYaIbHBIX 00Pa30BaTeIbHBIX CUCTEM M HHCTPYMEHTOB JJIsl aHAIH3a JAHHBIX O0YYCHUS.

PesynbraTel 0030pa mMoKa3and, 4TO MpenogaBaHWe HHOOPMATHKH C TIOMOIIBIO MEPCOHATH3MPOBAHHOTO H
aIalITHBHOTO IIOAXOJOB O0ECHeYrBacT OBICTPOE PAa3BUTHE AITOPHUTMUYCCKUX HABBIKOB W HABBIKOB KPHUTHYECKOTO
MBIIIUTCHUS, YKPEIUIIeT CIIOCOOHOCTh OJapeHHBIX YYalIuXcs paboTaTh CaMOCTOSTEIFHO M TMOBBIIIACT YCIEBAEMOCTb.
Taroke OBLTH OIpeesIeHbl METOJOJOTHYCCKIEe OTPaHIHYCHHS, TaKue Kak ()parMeHTapHOCTh UCCIICIOBAHUN, OTCYTCTBHE
€IMHBIX OICHOYHBIX ITOKAa3aTeNiell W HeTOCTaTOYHOCTh JAaHHBIX Pa3BHBAIOIINXCS PErHOHOB. [loryueHHBIC pe3yIbTaThI
CBUJICTEIIECTBYIOT O HEOOXOAWMOCTH [aNbHEHIEro W3Y4YCHHs aJalTHBHBIX TEXHOJOTHHA B CHCTEME OOyYeHHUs
nHpopMaTHKE U UX KOMILIEKCHOTO BHEAPCHUS B IPAKTHKY pabOTHI ¢ 0JJapEHHBIMH 00Y4aIOIIUMHUCSI.

Kniouegvie crosa: nHpopMaTHKa, NEpCOHATM3UPOBAHHOE 00yUeHHE, alallTUBHOE 00y4YeHHE, CUCTEMHBIH aHalu3,
PICOC, PRISMA, ogapeHHbIe y4aiuecs.
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