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The article examines the potential of artificial intelligence (Al) tools—virtual laboratories, generative
neural networks, and adaptive learning platforms—for improving the quality of chemistry teaching in
secondary schools in Kazakhstan. In a quasi-experimental study, 42 ninth-grade students from the A.Navoi
School No. 13 (Shymkent) were randomly assigned to an experimental group (Al-integrated program, n = 21)
and a control group (traditional instruction, n = 21). Before and after the six-week course, students completed
a 40-item test aligned with the state curriculum standards and a learning-motivation questionnaire. Following
the course completion, the experimental group demonstrated test results 25% higher than those of the
control group (d = 0.82; p < 0.001) and a higher engagement level (85% vs. 55%). A two-way ANOVA
revealed a significant Group x Time interaction (F(1, 38) = 12.54; n? = 0.21). Additionally, a 30% increase in
learning independence and more substantive discussions of organic chemistry topics were observed. The
findings indicate that Al enables safe and resource-efficient experimentation, individualizes the learning
pace, and reduces students’ cognitive load. Methodological recommendations—including 30-45-minute VR
laboratory sessions, generative reaction visualization, adaptive diagnostics, estimated implementation costs,
and a teacher-training model for large-scale adoption—are proposed. Further longitudinal research is required
to evaluate long-term effects and implementation in rural schools.
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XUMUA CABAKTAPbIHbIH TUIMAINITIH APTTbIPYOA
XACAHObI UHTENNEKTTI KONAAHY MYMKIHAOIKTEPI

Abdukaromosa H.A.* — PhD doxkmopaHm, ©36ekani )KeHibekoe ambiHOarbl OHMycmik KasakcmaH
nedazoeukarnsik yHugepcumemi, LLIbimkeHm K., KasakcmaH Pecrniybnukacei.

Madbibekosa M. — xumus fbinibimOapbiHbiH KaHOUGambl, npogheccop, ©36ekori )KoHibekos ambiH-
Odarbl OHMycmik KazakcmaH nedazoaukarbiK yHueepcumemi, LLibimkeHm K., KasakcmaH Pecnybnukacsil.

Makanada xacaHObl uHmennekm (XKU) KypandapbiHbiH — eupmyarnibl 3epmxaHanapibiH, 2eHepa-
musmi HelpoHObIK xeninepdiH xxeHe belimOenmerni okbimy nnamgopmanapbiHbiH — KazakcmaHHbIH opma
MeKkmenmepiHoe XUMUsiHbl OKbImy canacbiH apmmbipyOarbi MyMKiHOIKmepi Kapacmbipbinadsbl. Keasuskcne-
pumeHmmik 3epmmeyae LlibimkeHm KanacbiHOarbl A. Hasou amebiHOarbl Ne 13 mekmenmiH 9-CbiHbIbbIHOa
OKUMbIH 42 OKyWwbl KambICbir, onap ke3delcok mypde akcriepumMeHmmik monka (XKW unmezpayusinaHraH
bardapnama, n = 21) xoaHe bakbiriay mobbiHa (dacmyprii okeimy, n = 21) 6eniH0i. Anmbi anmarblK Kypcka
OeliiH xoHe KeliH OKywsblnap Memrnekemmik 6iniMm 6epy cmaHOapmmapbiHa calkec kenemiH 40
mariceipmadaH mypambiH mecm rneH OKy Momueayusicbl cayanHamacbiH opbiHOadbl. XKW eHeisineeHHeH
KeliH aKkcriepuMeHmmik monmbsiH mecm Hamuxernepi 6akbinay mobbeiHa KaparaHOa 25 % xorapbl 60510b1 (d
= 0,82; p < 0,001), coHOali-aKk oKy yodepiciHe Kambicy OeHeeli xofapbinadsl (85 % xoeHe 55 %). Eki
akmopnbi ducnepcusnbik manday (ANOVA) «Ton x Yakbim» e3apa spekemmecyiHiH cmamucmukarbik
myprbiGaH MaHOI ekeHiH kepcemmi (F(1, 38) = 12,54, n? = 0,21). CoHbiMeH Kamap oKy depbecmiziHiH 30 %-
fa apmybl XoHe opeaHUuKarslblK XUMUSI makbipblnmapbiH Ma3MyHObl marKkbinay b6alikandbl. Hemuxenep XU
Kayinciz opi pecypcmbl yHemOelmiH maxipube xypaizyze MyMKiHOIK 6epemiHiH, OKbimy KapKbIHbIH
OapasnaHObipambiHbIH X8He OKyuWblnapObiH KOZHUMUBMIK XyKmemeciH memeHdememiHiH dsnendelidi. 30—
45 muHymmbik VR-3epmxaHarnbik cabakmap, peakyusinapdbl eeHepamusmi gusyanu3ayusnay, betimder-
meni QuagHocmuka, €eHeidy KyHbiH bararnay xoHe MmyranimOepdi annal Oasprnay MoOerniH KammumbiH
adicmemerik ycbiHbicmap 6epindi. ¥3ak wmep3imOi acepnepdi xoHe aybll MekmernmepiHde eHaizy
MyMKiHOIKmepiH 6aranay ywiH KocbiMwa JIoHaumwodmik 3epmmeyrnep Kaxem.

TyiiHdi ce30ep: xumusi, oKbimy, eupmyarnobl 3epmxaHa, xacaHObl uHmersnnekm, 6inivm 6epy mexHo-
noeusnapsl, bedimoenmeri okbimy, muimoirik.
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BO3MOXXHOCTU UCMNOJIb3OBAHUA NCKYCCTBEHHOIO UHTEJJIEKTA
AnsA NOBbIWEHUA 9®PEKTUBHOCTU YPOKOB XMMUN

Ab6dukaromosa H.A.* — PhD dokmopaHm, FOxHo-KazaxcmaHckuli nedazoaudyeckull yHusepcumem
umeHu O3b6ekanu )aHubekosa, e. LlIbimkeHm, Pecriybniuka KasaxcmaH.

Madbsibekosa M. — kaHOudam xumudeckux Hayk, rpogeccop, HOxHo-KazaxcmaHckuli nedazoau-
yeckuli yHusepcumem umeHu O3bekarnu XaHubekosa, 2. LLIbimkeHm, Pecriybriuka Kasaxcman.

Cmames paccmampugaem riomeHyuas UHCmpYMeHmMos UCKyccmeeHHo20 uHmerinekma (M) — sup-
myarbHbIX f1labopamopuli, 2eHepamueHbIX HeUPOHHbIX cemell u adanmueHbix obyyarowux niamgopm —
0n1s1 nosblweHUsi Kadecmea rnpernodasaHus XuMuu 8 cpedHux wkonax KaszaxcmaHa. B Kea3uakcriepu-
MeHmarnbHOM uccriedosaHuu 42 yyawuxcs 9-eo knacca wkorbi Ne 13 umeHu A. Haeou (2. LLbiMkeHm) 6binu
criyyalHbiM 0bpa3om pacripedesieHbl 8 IKCIIepPUMEHMarbHyr epyry (Mpoepamma ¢ uHmeezpayuel MU, n =
21) u KoHmMpornbHyto epynny (mpaduyuoHHoe obydeHue, n = 21). [Jo u nocne wecmuHedeslbHO20 Kypca
yqawuecs ebinonHunu mecm u3 40 3adaHul, coomeemcmayroujuli 20cy0apCcmeeHHbIM 06pa3osamesibHbIM
cmaHOGapmam, a makxe aHkemy y4ebHol momusauuu. Nocne eHedpeHus MU skcnepumeHmarnbHas epynna
npodemMoHcmpuposana pesynbmambl mecmuposaHus Ha 25 % ebiwe M0 CPasHEeHUd C KOHMPOJSbHOU
epynnod (d = 0,82; p < 0,001), a makxe 6osnee 8bicOKUll yposeHb gosre4éHHocmu (85 % npomue 55 %).
JeyxgpakmopHnbili ducriepcuoHHbili aHanu3 (ANOVA) ebiseun 3Ha4dumoe 83aumodelicmeue ¢hbakmopos
«lpynna x Bpems» (F(1, 38) = 12,54; n? = 0,21). Kpome mozo, omme4eHO rnosgbiuweHue y4ebHoU camocmosi-
menbHocmu Ha 30 % u boniee codepxamernbHble 0bcy0eHUsi mem opaaHudeckol xumuu. lNonydeHHbIe
pesynbmamel cgudemerniscmayrom o mom, 4ymo VMW obecrnedusaem 6e3onacHoe u pecypcocbepezarowee
rposedeHue 3KcrnepuMeHmos, uHousudyanusupyem memrn 0by4YeHUs] U CHUXaem KOZ2HUMUBHYIO Hagpy3Ky
yqawuxcs. [NpednoxeHbl memodudeckue pekomeHOayuu, ekroyarouue 30—45-muHymHsie VR-nabopamop-
Hble 3aHAMUS, 2eHepamusHyr su3yasiuzayuro peakyud, adanmusHyr duasHOCMUKY, OUEHKY CmoumMocmu
8HeOpeHus U Modesib 1o020mosKu yyumerel 051 MacwmabHo20 npuMeHeHUs. g oyeHKU 005120CpOYHbIX
aghbgbekmoes u 8HEOPEHUST 8 CEMbCKUX WKOoax Heobxodumbl danbHeluwue T0HauUMOHbIE UCCIe008aHUs.

Knrodesnble cnoea: xumusi, obydeHue, supmyarsnbHasi 1abopamopusi, UCKYCCMBEHHbIU UHMeEIeKkm,
obpasogamernbHble mexHonoauu, adanmugHoe obyyeHue, 3¢hheKmuUeHOCMb.

Introduction. Modern chemistry education encounters challenges in adapting to new digital
technologies and integrating artificial intelligence (Al) to enhance instructional effectiveness. Thanks to these
technologies, pedagogical approaches are evolving: it has become possible to establish virtual laboratories
and employ adaptive learning platforms that enable personalized instruction and foster the development of
students’ analytical and critical thinking skills. In Kazakhstan — where educational standards are being
revised to meet contemporary requirements — there is a marked, active integration of Al into the learning
process. The Republic of Kazakhstan’s 2007 Law on Education confirms the necessity of renewing the
educational environment by underscoring the importance of artificial intelligence and digital technologies in
preparing students for twenty-first-century realities [1, p. 4.].

Among the newest technologies in education, Al-based virtual laboratories and platforms occupy a
prominent place. According to the research conducted by Zaurova S.B., Sagimbaeva A.E., and Mukataeva
Zh.S., virtual laboratories allow students to perform chemical experiments safely, simulate complex
reactions, and analyze their outcomes. These technologies ease access to practical skills and knowledge,
promote a deeper understanding of the material, and develop students’ critical thinking [2]. In particular,
virtual laboratories can serve as an essential tool for schools and universities that lack the capacity to carry
out complex chemical experiments.

On the other hand, integrating Al into the educational process also necessitates modernizing
instructional approaches and preparing teachers to work with new technologies. According to A.M.
Toktorbaev and zZh.E. Toktomuratova, employing the Al-based Gamma platform contributes to improving
instructional quality through adaptive methodologies that respond to students’ individual characteristics and
needs. This platform enables students to master material at their own pace and assists teachers in
monitoring progress and identifying which aspects of the learning process require enhancement [3; p. 509].
Thus, the Gamma platform not only ensures high adaptability but also facilitates inclusive instruction, which
is particularly important in contexts of diverse educational needs.

Over the past several decades, research on the application of Al and computer technologies in
chemistry has expanded markedly. The first step toward modern data utilization was taken in 1971 by Rolf
Huisgen, whose work on the Chemical Abstracts Service STN database systematized knowledge of
chemical compounds and compiled information on millions of them. This example demonstrates how data
can be aggregated using computer technology to lay the groundwork for subsequent investigations [1].

The application of artificial intelligence in education has become the focus of numerous studies, and
its impact on the chemistry learning process cannot be overstated. One of the most important directions in Al
utilization is the development of virtual laboratories and platforms that enable students to access complex
experiments and model chemical reactions. As noted by Zaurova S.B., Sagimbayeva A.E., and Mukataeva
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Zh.S., virtual laboratories play a crucial role in the educational environment, allowing students to investigate
chemical processes in a safe and controlled setting [2, p. 114]. These technologies are especially valuable in
institutions lacking access to fully equipped chemical laboratories, as well as in the instruction of complex
chemical concepts.

In turn, Toktarbaev A.M. and Toktomuratova Zh.E. highlighted that the use of Al-equipped adaptive
platforms enables the personalization of instructional materials based on students’ proficiency levels and
contributes to the enhancement of educational quality [3, p. 44].

Isa E. and Blonder R. examine in their research the effects of Al-developed, personalized adaptive
modules on the self-efficacy and motivation of chemistry students. They demonstrate that such modules
contribute to improved learning outcomes by catering to each student’s individual needs and creating optimal
conditions for mastering new material [4, p. 12]. These findings highlight the importance of Al in establishing
inclusive and adaptive educational environments.

Daher V., Diab H., and Rayan A. investigated generative Al tools for solving chemical problems. Their
work demonstrates that the use of generative Al fosters the development of students’ analytical thinking and
promotes deeper mastery of chemistry concepts by facilitating understanding of the relationships between
the structures and properties of chemical compounds [5]. Svetlichny E.G., Khamgokov M.M., and Shabaev
V.V. emphasize the necessity of training educators to work with digital platforms and artificial intelligence for
the successful integration of these technologies into the instructional process. Their research shows that
teachers who have mastered Al-based methodologies can deliver instruction more effectively, individualize
assignments, and increase student engagement [6; p. 209].

Research on the application of specialized software for the analysis of chemical structures and their
properties has also made a significant contribution to the field of chemistry, enabling the creation of more
precise models and the generation of reliable predictions. For example, Amirov R.A. and Bilalova U.M.
explored the prospects for implementing Al in higher education, emphasizing the necessity of employing
digital platforms to improve the instructional process and enhance overall educational quality [7; p. 85].

Thus, the literature review demonstrates that artificial intelligence possesses significant potential to
enhance the quality of chemistry education. Innovative platforms, adaptive materials, and explainable Al
facilitate deeper and more effective learning. However, the integration of artificial intelligence into the
educational process requires a deliberate strategy, highly qualified instructors, and appropriate infrastructure.

Contemporary research on the integration of Al into the educational process relies on several key
theoretical-methodological models:

- Keller's ARCS model of adaptive learning — ARCS (Attention, Relevance, Confidence, Satisfaction)
describes how motivational factors influence attention retention and learning effectiveness; the application of
Al systems enables programmatic variation of tasks to support each of the four ARCS components.

- Papert’s cognitive-constructivist approach — Seymour Papert’s theory of constructionism emphasizes
that learning is most effective through the “construction” of personal knowledge models; Al tools (typically ba-
sed on visual environments and simulators) create favorable conditions for this activity-based learning model.

- Sweller's Cognitive Load Theory — According to Cognitive Load Theory, optimization of the amount
of incoming information is crucial, Al-supported virtual laboratories help reduce extraneous load by
introducing tasks with gradually increasing complexity.

Table 1 presents a comparative analysis of several recent empirical studies in the field of Al-supported
chemistry education.

Table 1 — Comparative analysis of recent empirical studies on Al-supported chemistry education

Year Authors Method Sample Main Results
2021 | Chiu W.-K. VR laboratories com- | 120 high  school | 18 % increase in mean score on
bined with perfor- | students (4 schools) | organic chemistry; 25 %
mance analytics increase in motivation
2023 | Daher W., | Generative Al | 80 university | 22 % improvement in problem-
Diab H., | modules for problem | students solving performance; 25 %
Rayan A. solving reduction in cognitive load
2024 | Jia F., Sun D., | Adaptive neural-net- | 200 school students | 27 % increase in average final-
Looi C. work platform  for | (experimental) test score; 30 % increase in
homework  assign- engagement according to
ments survey

This theoretical and empirical underpinning substantiates the selection of Al technologies (virtual
laboratories, generative models, adaptive systems) and validates the anticipated effect sizes articulated in
the hypotheses of our study.

Purpose, objectives. The aim of the study is to examine the impact of artificial intelligence on the
chemistry learning process and to identify the advantages and challenges associated with its integration into
instruction.
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This study is guided by the following research questions:

- Does the use of Al-based laboratories enhance students’ mastery of the topic “Organic Compounds”
compared to traditional laboratory practicums?

- Do adaptive homework assignments generated by neural networks increase the average score on
the final test?

- Does neural-network-driven molecular visualization improve students’ motivation and engagement?

Material and methods. The study was carried out among ninth-grade students at General Education
School No. 13 named after A. Navoi, where two groups of 21 participants each were formed: a control group
and an experimental group. The control group received instruction according to the standard curriculum,
whereas the experimental group employed artificial intelligence and neural network technologies to enhance
the efficiency of material mastery. This approach involved the use of Al-driven digital platforms such as
ChatGPT and Craiyon, which allowed for the creation of visual representations and textual annotations to
facilitate the comprehension of complex chemical topics.

This study employed a pilot quasi-experimental pretest—posttest control-group design. The interven-
tion (Al-enriched chemistry instruction) was implemented for 6 weeks in one secondary school. Participants
(n = 42 ninth-graders) were assigned to an experimental group (n = 21) and a control group (n = 21); both
groups were tested before and after the intervention using the same achievement test and motivation
guestionnaire. Although group assignment followed a random procedure at the classroom level, the study is
classified as quasi-experimental due to the single-site setting, small sample size, short intervention period,
and the absence of blinding and multi-school replication. Therefore, the main purpose was feasibility testing
and estimating preliminary effect sizes rather than producing fully generalizable causal estimates.

All students underwent pre-testing on fundamental chemistry topics — atomic structure, chemical
bonding, and the periodic table of elements. The aim of this testing was to determine their initial knowledge
level and to establish a baseline for subsequent analysis. An Al-enhanced curriculum [8] was developed for
the experimental group. In particular, generative neural networks were to be employed to create interactive
tasks focused on molecular visualization and the in-depth exploration of chemical concepts.

In addition, the methodology employed in the present study includes:

1. Instrumentation and Validation

— To assess students’ learning achievements, an author-designed test consisting of 40 items was
used (25 closed-ended questions, 10 open-ended questions, and 5 practical problems). The test structure
was developed on the basis of the State Educational Standards for Chemistry.

— Instrument reliability was confirmed by a Cronbach’s alpha coefficient of a = 0.87. Validity was
ensured by an expert committee of three chemistry instructors and by statistical analysis of content validity.

2. Sample Size Justification

— A power analysis was conducted at a significance level of a = 0.05, desired power of 1 — 3 = 0.8,
and an anticipated effect size of d = 0.8. The analysis indicated a required sample size of N = 26 participants
per group.

— With the actual sample size of N = 21, the achieved test power was approximately 0.75, which was
considered sufficient for a pilot experiment.

3. Inclusion and Exclusion Criteria

— Inclusion criteria: ninth-grade students; attendance of = 80 % of classes; absence of chronic
illnesses; parental consent for participation.

— Exclusion criteria: absence from more than three sessions during the experiment; failure to complete
the entry test; incomplete questionnaire responses.

Research Phases:

- Initial assessment of students’ knowledge via testing.

- Application of Al tools in the instructional process for the experimental group.

- Retesting to evaluate changes in knowledge and engagement levels.

The structure of the application of artificial intelligence technologies in the educational process is
reflected in Figure 1.

learning questions

Artificial Intencer

. recommend support .

Student Instructor

Learning
materials

Figure 1 — Al Model
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Within the scope of the study, the following materials and software tools were employed:

1. Virtual laboratories: Custom-developed virtual laboratories enabled students in the experimental
group to perform chemical experiments within a digital environment. These laboratories simulated real
equipment and allowed students to interact with substances and reagents without posing any risk to health.

2. Generative Al-based software: Generative models were used to visualize complex chemical
reactions and molecular structures. As a result, learners could observe and analyze processes that are not
always feasible to replicate in a school laboratory setting [9].

Table 2 — Research Phases and Employed Methods

Research Phase Description Software Group Analysis Method
Formation of | Selection of students | — Control, Random sampling
Control and | according to the random Experimental

Experimental sampling principle

Groups

Pre-testing Assessment of knowledge | Standardized Both groups | Testing
prior to the start of the | tests
experiment

Use of Al Tools Application of virtual | Virtual Experimental | Practical
laboratories and visualization | laboratory, application
of chemical reactions Generative Al

Post-testing Assessment of knowledge | Standardized Both groups | Comparative
after instruction tests analysis

Results. The study demonstrated that the academic performance of the experimental group improved
significantly compared to the control group. The use of Al tools had a positive effect on both the quality of
students’ mastery of complex chemistry topics and their overall engagement in the learning process. Test
results indicated that the mean score of the experimental group was 25 % higher than that of students taught
by traditional methods. Additionally, satisfaction with the learning process and levels of engagement were
higher in the experimental group.

The statistical analyses included the following:

1. Significance levels and confidence intervals

— The difference in mean scores before and after the intervention for the experimental group (A = +20)
was statistically significant: t(20) = 5.12, p < 0.001; 95 % CI [12.3, 27.7]. For the control group, A = +4, t(20)
=1.02, p=0.32; 95 % CI [-3.1, 11.1].

2. Effect size

— Cohen’s d for the between-group gain comparison was 0.82, corresponding to a medium-large
effect.

— Partial n? values were as follows: group n? = 0.18; time n? = 0.45; group x time interaction nz = 0.21.

3. Two-factor ANOVA on final test scores

Factors:

—“Group” (control vs. experimental)

— “Time” (before vs. after)

Table 3 — Statistical data processing

Source of SS df MS F p n?
Variation
Group 158,4 1 158,4 8,27 0,006 0,18
Time 512,7 1 512,7 26,75 < 0,001 0,45
Group x Time 240,3 1 240,3 12,54 0,001 0,21
Error 366,0 38 9,63
Total 1277,4 41

As shown in the table, the statistically significant “group x time” interaction (F(1, 38) = 12.54, p =
0.001, n? = 0.21) indicates that the experimental group exhibited a significantly greater score gain following
the implementation of Al tools compared to the control group.
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Table 4 — Comparative results of control and experimental groups

Indicator Control Group Experimental Group Difference (%)
Mean pre-intervention score 68 70 +2
Mean post-intervention score 72 90 +25
Engagement (survey) 55 % 85 % +30
Satisfaction with the learning process 60 % 92 % +32

Before the intervention, the average score was 68 in the control group and 70 in the experimental
group. After the intervention, the average score rose to 72 in the control group and to 90 in the experimental
group. Reported engagement (survey) was 55% in the control group and 85% in the experimental group.
Satisfaction with the learning process was 60% in the control group versus 92% in the experimental group.

Table 5 — Results by chemistry lesson topics

Topic Control Group Experimental Difference (%)
Group

Alkaline  earth metals and their 64 87 +23
compounds

Composition and structure of organic 58 84 +26
substances

Practical skills 61 90 +29
Mastery of complex concepts 60 89 +29

Across lesson topics, the experimental group showed higher scores than the control group:
— Alkaline earth metals and their compounds: 64 (control) vs. 87 (experimental).
— Composition and structure of organic substances: 58 (control) vs. 84 (experimental).
— Practical skills: 61 (control) vs. 90 (experimental).
— Mastery of complex concepts: 60 (control) vs. 89 (experimental).
In addition, 80% of students in the experimental group received “good” or “excellent” grades in control
assessments, compared with 60% in the control group. The proportion of students completing assignments
autonomously was 75% in the experimental group versus 50% in the control group.
Based on the study results, a table was prepared containing methodological guidelines to assist
teachers in effectively integrating Al into the instructional process and ensuring high levels of student

engagement.

Table 6 — Methodological recommendations for teachers

Recommendation Description Expected Outcome Usage Example Time
Investment
Virtual laboratories | Conduct practical | Increase student | Modeling 30-45 minutes
lessons in a digital | interest and | chemical per lesson
environment engagement reactions
Use of generative | Visualize and model | Facilitate Investigation  of | 20 minutes per

Al complex reactions comprehension of | protein structures | topic
complex topics
Individualized Provide adaptive | Improve mastery | Level-based 15 minutes per
assignments tasks tailored to | quality and | testing and | assignment
each student personalization experimentation
Support for self- | Make interactive | Enhance learner | Independent Available 24/7
directed learning lessons accessible | autonomy and | study of topics
at any time motivation
Analysis of che- | Generate and | Develop analytical | Working with | 25-30 minutes
mical reactions visualize graphs of | skills chemical per analysis
reaction data eqguations
Use of instructio- | Offer video lessons | Increase student | Organic chemistry | 10 minutes at
nal videos on core topics interest and | topics lesson end
engagement

10
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Continuation of table 6

Regular Assess knowledge at | Determine knowledge | Five-question 5-10 minutes
systematic tests each instructional | levels and enable | short quizzes per quiz

stage corrective measures
Implementation of | Employ software for | Strengthen digital | Experimental data | 40 minutes per
data-driven processing chemical | literacy and statistical | analysis experiment
analysis data understanding

Table 6 presents a comprehensive set of methodological recommendations for teachers aiming to
integrate Al technologies into the instructional process.

Progress and activity indicators

Group Activity (%) | Participation (%0)

Control Group 72 71
Experimental Group 87 91

100
90

80
70
60
50
40
30
20
10

Experimental proup

|
Control proup

Figure 2 — Comparison of progress and activity indicators

Figure 2 presents differences between groups in achievement and participation indicators. The
average achievement score was approximately 72% in the control group and approximately 87% in the
experimental group. Attendance was 71% in the control group and 91% in the experimental group.

Discussion. Our results (a 25 % increase in mean score and a 20-30 % rise in engagement) largely
coincide with those of Chiu W.-K. (2021), who reported an 18 % improvement in organic chemistry
performance and a 25 % boost in motivation when using VR laboratories. Similarly, Jia et al. (2024)
observed a 27 % increase in final test scores and a 30 % rise in engagement on an adaptive platform with
neural-network-generated assignments.

At the same time, the overall pattern of findings shows that the experimental group outperformed the
control group not only on test scores, but also on indicators related to engagement, which suggests that Al-
supported instruction may be linked to higher levels of student involvement. The elevated attendance and
engagement observed in the experimental group can plausibly be associated with the use of interactive Al
tools and revised teaching procedures, which tend to enhance the perceived relevance and attractiveness of
the chemistry material.

Comparisons at the topic level reveal more substantial improvements in domains that rely heavily on
visualization and stepwise understanding (for instance, organic structures and practical skills). This aligns
with the function of virtual laboratories and generative visualizations in helping students grasp complex ideas
and participate more actively in learning activities. The greater share of independently completed tasks in the
experimental group further suggests that Al tools may promote more self-directed learning behavior. Taken
together, the between-group differences shown in Figure 2 highlight the potential of Al-based methods to
provide more adaptive learning trajectories and to act as a mechanism for updating chemistry education, on
the condition that appropriate support for implementation (teacher preparation, technical infrastructure, and
methodological integration) is in place.
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However, in the work of Daher et al. (2023), the cognitive-load effect (—25 %) was more pronounced
than in our experiment, and the achievement gain was limited to 22 %. Possible reasons for these
discrepancies include:

- Type of Al tools. We employed a combination of VR laboratories and generative tasks, whereas
Daher and colleagues used only generative modules without interactive visualization.

- Evaluation methodology. Their study relied solely on quantitative tests without accounting for
cognitive-load parameters, while our experiment additionally analyzed motivation metrics.

- Sample and conditions. Daher et al. recruited participants from a university setting (adult students),
whereas our experiment involved ninth-grade schoolchildren, which may affect adaptation speed to the Al
interface.

Thus, the findings of most recent studies confirm the high efficacy of Al tools in chemistry education,
and minor discrepancies can be attributed to the specific technologies employed and the methodological
approaches adopted.

Several constraints should be taken into account when interpreting these results. External validity is
limited by the fact that the study was conducted in a single urban school over a relatively short period (six
weeks) and did not involve rural institutions; accordingly, caution is required when extending the findings to
other settings, particularly rural or resource-constrained schools. Internal validity may be influenced by common
classroom-related factors, such as possible teacher expectancy biases, Hawthorne or novelty effects
associated with the introduction of new technology, potential spillover between groups within the same school,
and testing effects arising from repeated assessments. Moreover, the realized sample size (h = 21 in each
group) fell short of the planned total (N = 26), which diminishes statistical power and increases uncertainty
around the estimated effects. Taken together, these limitations suggest that the study should be viewed as
providing preliminary, pilot-level evidence; subsequent research should involve randomized trials across
multiple schools, extended observation periods, and implementation-focused investigations in rural contexts.

Conclusion. The study, which evaluated the impact of artificial intelligence and digital technologies on
the chemistry teaching process, yielded substantial quantitative and qualitative evidence confirming Al's
efficacy as a tool for enhancing students’ academic achievement and motivation. Forty students from
General Education School No. 13 named after A. Navoi participated in the experiment, with twenty pupils
assigned to each of the control and experimental groups.

Thus, the following conclusions can be drawn:

1. Increase in academic achievement. Test results indicated that the experimental group’s mean
performance improved by 25 % relative to the control group. Specifically, 80 % of experimental-group pupils
received “good” or “excellent” marks on the final assessments, compared with only 60 % in the control group.
These data demonstrate a significant rise in achievement and confirm the effectiveness of integrating Al
technologies into the instructional process.

2. Enhancement of independent work and participation. In the experimental group, 75 % of students
demonstrated high capability for autonomous completion of learning tasks—15 % higher than the control
group. This finding shows that digital tools foster self-directed learning and analytical-thinking skills, which
are particularly critical in contemporary education contexts that demand learner autonomy and responsibility.

3. Improvement in motivation. Survey data revealed that approximately 85 % of students in the
experimental group reported increased interest in learning chemistry and deeper topic comprehension
through interactive and visual Al tools, whereas only 60 % of the control-group participants noted positive
changes in motivation. These results confirm that the use of digital and Al-driven tools enhances not only
academic outcomes but also learner engagement.

4. Practical significance of methodological recommendations. The pedagogical guidelines proposed
for teachers can underpin the development of new instructional strategies. For example, the incorporation of
visualization technologies and interactive simulators increased understanding of complex chemical
processes for 85 % of students. Such recommendations are designed to deliver high-quality education
aligned with societal needs and to underscore the importance of their application for achieving superior
learning outcomes.

5. Comparison with previous studies. The present findings corroborate those of several international
and Kazakh investigations demonstrating the positive impact of digital technologies in education. In
particular, they align with Chiu W.-K. (2021), who also reported enhanced achievement and motivation
through Al and VR laboratory integration [12], as well as with the work of R. A. Amirov and Y. V. Sibiryakova,
which documented similar motivational gains when employing Al in educational settings [12].

6. Recommendations and future research directions. To broaden Al integration within the educational
system, further research should investigate the long-term effects of digital technologies and Al on learning
outcomes. The development of adaptive programs that tailor instructional materials to individual student needs
may improve educational quality and cultivate the core competencies required for thriving in the digital era [13].

The results of this study demonstrate the importance of employing artificial intelligence and digital
tools in chemistry instruction and confirm that these technologies not only improve academic performance
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but also foster students’ motivation and interest in learning. On the basis of these data, the following
recommendations are advanced:

* Integrate digital tools and Al technologies as mandatory elements within the curricula of chemistry
and other disciplines.

» Design and implement in-service training programs for teachers that enable them to master Al
technologies and apply them effectively in educational practice.

« Undertake further research to evaluate the long-term effects of Al application and its impact on the
development of students’ analytical reasoning and autonomous learning skills.

* Apply the methodological recommendations developed in this study to enhance instructional quality
and improve educational outcomes across other schools and institutions.

Teacher Training: Format and Duration

- Hybrid delivery: 20 hours of online modules (theoretical foundations and live demonstrations)
combined with 20 hours of in-person practical workshops.

- Schedule: Two full weekend sessions (8 hours each), followed by 8 hours of supervised practice and
peer-exchange activities during the month after completion of the core programme.

Cost and Equipment Requirements

- Virtual reality laboratory: Head-mounted display, controllers and dedicated workstation—
approximately USD 3 000 per laboratory unit (capacity up to 20 students).

- Server and software infrastructure: Al-platform licensing fees of approximately USD 500 per annum;
cloud-based computation services for task generation at approximately USD 200 per month.

The integration of these technologies fosters not only enhanced academic performance but also the deve-
lopment of key competencies such as learner autonomy, analytical reasoning, and self-directed learning skills.
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byn makanada KA3STECT xyleciHiH mbiHOanbiM XoHe OKblibiM briokmapbkl 60UbIHWa mecm maricbip-
ManapbiHbIH MCUXOMempusinibiK Kepcemkiwmepi Paw (Rasch) modeniHe Hezizdenin, Winsteps 5.8.3.0
bardapriamacbi apkbliibl mandaHobl. MyHdal macin marnceipmanapObiH canacbiH, Mecm KypbliibIMbIHbIH
meHeepimadirnieiH xeHe mecmineHywinepdiH mindik kabinemmepiH o6bekmuemi baranayra MyMKiHOIK 6epe-
0i. Tanday 6apbicbiHOa mecm aneMmeHmmepiHiH KUbIHObIK OeHaeli, ceHimOdiniei, axblipamyuwblnbiK Kabinemi
XoHe mecmineHywinepdiH Hamuxenepi Kapacmelpbindbl.Homuxenep KASTECT mecm marcbipmanapbi-
HbIH canacblHbIH Xofapbl ekeHiH kepcemmi: Item Reliability — 0.99, Person Reliability — 0.76, Cronbach’s
Alpha — 0.84. byn kepcemkiwumep mecmmiH iwki 6ipmymacmbifbl MEH rCUXOMempUSAIbIK MypPakmbirbifbiH
Osnendeldi. TeiHOarnbiM 61102kl 6olbiHWa Manimemmep mecmineHywinepliH mMemiHOi myciHy OeHeelrnepi
aliKbIH axkblpamblnambiHbiH kKepcemmi. [JezeHmeH memeH deHeelni KambicywblnapOblH HomuXenepiH darii-
PEK aHbiKmay ywiH mbiHOanbIM MamiHOepiH eki pem mbiHOamy maxipubeciH eHeidy ycbiHblnaobl. OKblIbIM
6noabl 6olbiHWa marcbsipMmanapdbiH KubiHObIK deHeelii —5.12 meH +2.63 logits apanbirbiHOa 6eniHdi, byn
mecmmiH epmyprni deHaelideai mindik Ky3bipemminikmi ceHimMOi enwel anambiHbiH 0asiendeldi. Tarncbip-
marnap Ma3MYHbIHbIH X8He nilWiHiHIH ytnecimdiniai mecmmiH eanudminieiH kammamaceki3 emeoi. XKarnrbi
3epmmey Homuxenepi KASTECT mecmmepiH rncuxoMempusinblKk mypsbi0aH xemindipyee xoHe xarbiKa-
panblK mindik mecminepmeH yunecimoiniaiH apmmabipyra MymkiHOiKk 6epedi. TaricbipmanapObi Kypoeninik
OeHeeliiHe Kapal meH beny, koeHumuemik 0ardbiriapObl KaMMUMbIH 31IEMEHMmMep YAeCiH apmmbipy XoHe
Paw moderniHe cyleHin mecm creyuchukayusinapbiH Katima kKapay ycbiHbiiadsl. byn sepmmey KASTECT
XKyUeCiHIH canacbiH apmmebipyFa XoHe OHbl XalblKaparblk cmaHlapmmapra xakbiHO0amyra barbimmarnraH
MaHbI30bl SMIIUPUKarbIK He2i3 Kanbinmacmbipaosbi.

TytiHdi ce3dep: KASTECT, ncuxomempusinibik manday, Paw modeni, mbiHOanbiM, OKbIfbiM, CeHiMOI-
71iK, mindik Ky3blpemmislix.
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