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Abstract

Artificial intelligence (Al) technologies have accelerated rapidly, presenting novel opportunities to the teaching and
learning processes in higher education. These tools are used to develop data interpretation skills for future biology teachers,
which was the focus of this study. This study was carried out on 54 first-year master's students at Abai Kazakh National
Pedagogical University enrolled in the 7M01513 — Biology educational program. The design was quasi-experimental, with
diagnostic, formative and control phases. In the formative phase, students were utilising artificial intelligence tools like
ChatGPT, Gemini, Claude, Copilot, Napkin Al to explore biological data, determine the significance of research findings,
produce evidence-based conclusions, and form visual representations of scientific data. Data were collected via the
implementation of diagnostic tests, practical tasks, assessment rubrics and questionnaires. Results were analyzed using
percentages, means, and statistical methods. The results also had a positive effect on students’ ability to interpret data using
Al-supported learning. Participants at high proficiency-level improved from 16.7% to 33.3% compared to low level, where
from 38.9% to 16.7%. There was an improvement in the students' processing data, interpretation, visualization and scientific
reasoning skills. The paper reports a conclusion that artificial intelligence tools can support the enhancement of data
interpretation competencies among our next generation of biology teachers and the transformation of the biology teaching and
learning environment.
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BOJIAIIIAK BHOJIOT MYFAJIMAEPIHIH JEPEKTEPII MTHTEPIIPETALIASIJIAY
TAFIBLTAPBIH 5KACAHJAbI MHTEJUIEKT KYPAJIIAPBHI APKBLJIBI TUIM/II JAMBITY

Anoamna

Xacanpl MHTEIUIEKT TEXHOJOTHSUIAPBIHBIH JKbULIAM JIAMYBI JKOFapbl OUTiM Oepy JKyHeciH >KaHFBIPTY JKOHE OKBITY
TOKIpUOECIH JKaKcapTy YIIiH KONTereH MyMKIHIIKTep kacaipl. byi 3eprrey Gonaiak OHONIOTUS MyFalmiMIEpiH JepeKTepai
TalJlayra JalblHAAYIaFbl JKacaHAbl MHTEIUICKT KYpPaJJIapblHBIH THIMIUIIIH Talnayasl MakcaT ereni. byn 3eprrey Aobaii
aTeIHAAFel Kazak YITTHIK Meqarorukaiblk yHuBepcuteTiHiH 7MO01513 - Bruomorus 6imim Oepy OarmapiamachiHBIH 1-Kypc
MarucTpaHTTapbl apacblHaa oKyprisimmi. JKammel, 3eprreyre 54 MarucTpaHT KaTbICTBL. 3€pTTey JHarHOCTHKAJIBIK,
KAJIBIITACTBIPYIIBI JKoHE OaKbUIay Ke3eHIEpiH KAMTUTBIH KBa3H-3KCIIEPHUMEHTTIK JU3aiHIb! KompaHapl. Ockl ke3eHe OiiM
Oepy ©Oemimi oky mpouecine ChatGPT, Gemini, Claude, Copilot xxone Napkin Al CHAKTBI KypanmapAbl CHTI3I.
MaructpaHTTap OHONOTHS AEpEKTEPIH Talliay, FEIIIBIMU HOTHIKENIEp/ OKY, ASJeTIepre Heri3AeNreH KOPhITBIHABLIAp Kacay
JKOHE JIepeKTepAl BH3yallM3alysuiay OOWBIHINA TarchbpMaliap/bl OpbIHAAYbl Kepek Ooiibl. Jlepekrep AMarHOCTHKAIBIK
TEeCTTep, MPAKTUKAIBIK sko0asap, Oaranay pyOpHKaIapsl )KoHE cayajTHaMaIap apKbUIbl JKUHANIEL. Tannay maibs3apIK Tanaay,
opraiia MOHJEpAl €CenTey JKOHE CTATUCTHKAJIBIK OHJIEY SAICTepl apKpUIbl Kyprisinmi. HoTwmxkenep >kacaHabl MHTEIUIEKT
KYPaTIapbIHBIH CTYACHTTEpre OH ocep eTeTiHiH kepcerTi. JKorapbl neHreinmi crymeHTrepain yheci 16,7%-nan 33,3%-fa
JIEWiH oecTi, alm TeMEH JIEHreis CTyAeHTTepAiH maibiel 38,9%-man 16,7%-ra pgeiiin temenmeni. CoHbIMEH KaTap,
KATBICYIIBUIAPABIH Tajay, WHTEPIPETAns, BU3YAIU3alMs JKOHE FhUILIMU Oiflay KaOiueTrTepi alTapibIKTaid >KaKCapIibl.
JKacanp! MHTEIIIEKT Kypanaapsl Oonamak OHooTys MyFaTiMIepiHiH OUTIMIH iepeKTepi HHTepIpeTalysuiay Ky3bIpeTTUTr
KOHE OWOJIOTHSIIBIK MYFaIIMIEPiH KOMITBIOTEpJICHIIPUIreH OUTIMI TYpFBICBIHAH JaMBITyJa TaOBICTBI OJICTEp EKEHIiH
TRIENIE].

Tyiiin ce3mep: >xacaHIbl WHTEIUIEKT, OWOJIOTWSUIBIK OimiM Oepy, Oonamiak Owosorus MyFraiimzaepi, AepexTepii
HHTEpIpeTaLysiay, TUQpIIbIK earoriuka, TuQpIbIK OKBITY.
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PA3BUTHUE HABBIKOB UHTEPIIPETAIIMM JAHHBIX BYIYIIIUX YYATEJENA
BNOJIOI'NA CPEACTBAMU HCKYCCTBEHHOI'O HUHTEJIJIEKTA

AHnnomayus

B jmomosHeHne K CO3IAHMIO HOBBIX 30H JUISL y4eObl CTYAEHTOB, OBICTpOE pa3BUTHE TEXHOJOTHH HCKYCCTBEHHOTO
MHTEJUIEKTa OTKPHIBAECT HOBBIE BO3MOKHOCTH JUISl YITyqIIeHNs] 00pa30BaHMs M MOBBIIICHHS KaUeCTBa IOJTOTOBKH OyayImx
CIIENMAINCTOB. DTO MHCCIIENOBAHKME HANpPaBICHO Ha BBIACHEHHE POJMM HMHCTPYMEHTOB HCKYCCTBEHHOTO HHTEIICKTa B
00y4eHNN CTYIECHTOB WHTCPIPETAllMK JaHHBIX AJIA NpernojaBaHus Owornoruu. B BeIOOpKy Bomumi 54 CTymeHTa IepBOTO
Kypca Maructparypsl o nporpamme 7MO01513 — buosnorus, nox srugoi Kazaxckoro HallMOHaJIBHOTO IEAArOrHYeCcKOro
yHuBepcuTeTa nMeHn Abas. B paboTe rcmonp3oBaiics KBa3UIKCIIEPUMEHTAIBHBIA HCCIICIOBATEIBCKUM TM3aiH, COCTOSIIINI
13 KOHCTATUPYIOMIET0, ()OPMUPYIOMIETO M KOHTPOJIBFHOTO 3TanoB. Ha dopmupytomem 3tamne ObliIM BHEAPCHBI HHCTPYMEHTHI
HCKycCTBeHHOTO MHTesuiekra, Takue kKak ChatGPT, Gemini, Claude, Copilot u Napkin Al, mis oOyueHus mHpeaMeTam.
MarucTpaHThl BBIIOIHAIN PaboTy, BKIIOYAIOIIYIO aHAIW3 OHOJIOTMYECKUX JAHHBIX; MHTEPIPETALHI0 HAYYHBIX BBIBOJIOB;
(opMyaHpOBaHHE BBHIBOOB, KOTOpPHIE MOXXHO OOOCHOBATH ITOJYYCHHBIMH JI@HHBIMH, M BH3yallM3allMi0 HH(MOpPMAIUH.
JlaHHBIE COOMpANMCh C TMOMOIIBIO JHMATHOCTUYECKHX TECTOB, NPAKTHMYECKUX 3a/[aHHM, OLCHOYHBIX PyOpHK, a TakkKe
aHKETHPOBAaHUs. BhlUnCIeHHbIE CpelHUe 3HAUEHHS aHAIM3MPOBAINCH CTAaTUCTHYECKH, Yepe3 MPOLEHTHBIA aHaIu3, pacuer
CPEeHUX 3HAUYCHWH M CTATUCTHYECKUE METOABbL. Pe3ysnbTaThl ObUIM TPEACTaBICHbI B BHIE PE3YJITATOB HCCIIEOBAHMSI.
BeBO#BI TOKa3amM  yAydlEHHE HABBIKOB WHTEPNPETAalK JAHHBIX, IOJYYEHHBIX C IOMONIBI0 HHCTPYMEHTOB
HCKYCCTBEHHOTO WHTEIeKTa. Jloys CTy[JEeHTOB C BBICOKMM YPOBHEM IMOATOTOBKH Bo3pocina ¢ 16,7% mo 33,3%, m 310
HEMHOT'O MEHBIIE TPOLEHTA C HU3KMM YPOBHEM IOATOTOBKH, KOTOpBIA cHU3MWACA ¢ 38,9% no 16,7%. Y ucneITyeMbIX
MOBBICHIINCh  CTIOCOOHOCTH K AHAIN3Y MJAHHBIX (MHTEpIpEeTanys, BH3yalH3alus, HaydHOE OOOCHOBAHHME BBIBOJIOB).
Pe3ynbrarhl MOKa3hIBafOT, YTO METO/BI, OCHOBAaHHBIE HA MCKYyCCTBEHHOM HHTEIUIEKTE, 3((eKTHBHBI 111 (OPMUPOBAHMS
CHOCOOHOCTH K HWHTEPIIPETAINY JaHHBIX y OyOyIIMX YduTeNned Owojoruwm M i HU(POBOI TpaHchopManum OHOIO-
TMYECKOro 00pa3oBaHMs.

KiroueBble CJI0Ba: MCKYCCTBCHHBIN WHTEIUICKT, OMOJIOTHYECKOE OOpa3oBaHUE, OYAyIHe YUUTENs OHOJIOTHH, MHTEp-
NpeTalys JaHHBIX, U(PPOBOE 0OyUCHHE.

Introduction. The digital industry is quickly changing and new technologies and artificial
intelligence (Al) increasingly dominate this revolution. Preparing teachers is more than just knowing the
content of the subject. Future biology teachers need to handle data, analyse the results and successfully
implement digital tools in their learning and teaching processes (Haleem et al., 2022). The strategic
priorities of the Republic of Kazakhstan reflect the critical importance of educational digitalization.
President Kassym-Jomart Tokayev has repeatedly highlighted the importance of integrating advanced
technologies into education to prepare specialists to take on the challenges of the digital era in his state-
of-the-nation addresses (Togaev, 2023). Now biology is increasingly becoming a data-driven science.
Both students and educators work with ecological, genetic, physiological, and biomedical data on a
regular basis. Consequently, data interpretation forms an integral part of the professional practice for
new biology teachers. Existing teaching techniques, however, do not always offer enough opportunities
for development of such competencies in a digitally mediated context (Zha et al., 2025). Today, Al tools
like ChatGPT, Gemini, Claude, and Copilot provide new ways to analyze, visualise, and interpret data.
These technologies are able to help students grasp complex biological concepts as well as to raise the
quality of academic learning. Hence, the prospects of Al-based tools for fostering future biology
teachers’ ability to interpret data are thus both topical and relevant. These findings may help facilitate
the digital transformation of biology teacher education and may also provide concrete guidance with
regard to the operationalization of Al into the learning process (Chiu et al., 2023).

Data interpretation is a skill that is very important in teaching biology. Data is a tool of biology’s
development. Studies of genetics and physiology, ecology and biomedicine, as well as knowledge in
these disciplines, continue to collect vast amounts of information that students will need to process and
understand (Cochrane et al., 2026). Interpreting the data allows learners to recognize trends, clarify
biological processes, and conclude on the basis of evidence. It also enhances critical thinking and
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scientific literacy in students. Such competencies, in turn, are critical to the understanding of complex
biological systems and to solving modern environmental and health-related problems (Ng et al., 2021).
But to future biology teachers, data interpretation is much bigger than an academic skill. It is a
professional imperative in schools. Teachers who are confident to analyze and explain biological data
are prepared to facilitate inquiry-based learning as well as to direct student experimentation and
evidence-led reasoning in the classroom (Luckin & Holmes, 2016). As science education is constantly
undergoing digital transformation, the education of data interpretation abilities has entered the top of the
agenda of biology teacher education. It is in these types of skills that future educators will be able to
compete in an era of technology-rich learning and respond effectively to the challenges of contemporary
biological science (Holmes et al., 2019).

Current trends of utilization of Al-based approaches in education. Artificial Intelligence is changing
the face of education. Nowadays, Al tools are utilized for both information retrieval and for learning
assistance, assessment, research and content creation (Zawacki-Richter et al., 2019). Generative Al
platforms like ChatGPT, Gemini, Claude, and Copilot represent the most recent and notable
advancement. They can respond to questions, explore the information, develop the learning materials,
and offer personalized feedback. Thus, they are becoming useful assistants to students and teachers
(Kasneci et al., 2023). Another emerging trend is the use of Al for data analysis and visualization. Tools
powered by Al can sift through huge datasets, spot meaningful patterns and present information in
easily consumable style. In biology education, this represents a fresh opportunity for explaining
experimental findings, ecological observations, and other scientific information (Funk et al., 2026).
Indeed, it is not just technical accessibility that is necessary for Al integration to succeed. How to teach
future teachers will require tools to assess Al content critically and implement it responsibly. Due to Al
development being a key topic of study, Al literacy and practical experience with Al tools have
emerged as an important target area of current teacher education (Abiltaeva & Jamagiilova, 2025).

Research Problem. Artificial intelligence is playing a central role in modern education. New Al tools
help learning, data analysis, and problem-solving. But many future biology teachers have a hard time
trying to read biological data and make conclusions grounded in evidence. This problem is even more
critical to biology, which is known to rely more and more on interaction with scientific data to learn.
Traditional methods of teaching tend to place more value on rote memorization than analytical skill
building. Consequently, a lack of biological dataset skills in the student will be the reason for the
students being unable to perform effectively in such a dataset. While Al technologies are widely
discussed in education, their role in teaching future biology teachers and their use in data interpretation
skills is not yet explored. This highlights the need for study on how Al tools can facilitate development
of these crucial professional skills.

Research Objective. The goal of this study is to evaluate the role of artificial intelligence tools in
developing the data interpretation skills of future biology teachers. The study explores students’ skill set
in analyzing, interpreting, visualizing, and explaining biological data.

Research Hypothesis. The study anticipates that a systematic use of artificial intelligence tools may
better hone future biology teachers’ data interpretation skills. It is anticipated that Al-supported lesson
plans will also improve the performance of students on data analysis, interpretation, visualization, and
evidence-based reasoning more than traditional teaching methods.

Materials and methods. Using a quasi-experimental design this study investigated the effect of
artificial intelligence tools on the development of data interpretation skills among future biology
teachers. Quantitative and qualitative data were also collected to monitor students’ performance change
during the study. The experiment had three steps (diagnostic, formative and control). This architecture
enabled us to identify the starting point of participants’ abilities, to deliver Al-based learning experience
within different activities, and to evaluate effects on outcomes.

The studies were carried out in the Department of Biology, Faculty of Natural Sciences and
Geography, Abai Kazakh National Pedagogical University. Participants were 54 first-year master’s
students enrolled in the 7M01513 - Biology educational program. They were all seeking careers in
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biology education. They are chosen as data interpretation and digital competence are becoming
significant components of modern teacher preparation.

The initial stage was to identify the baseline level of data interpretation ability of students. Diagnostic
tasks that asked participants to analyze, interpret, and explain biological data were completed. These
results served as a start for assessing additional gains. Formative Stage. Al tools such as ChatGPT,
Gemini, Claude, and Copilot were at this stage utilized in learning exercises. Students handled
biological datasets, interpreted results, created visualizations, and developed evidence-based
explanations to strengthen their analysis and understanding of scientific information using Al support.
Control Stage. The final step assessed the success of the intervention. Students performed post-test tasks
as applied in the diagnostic stage. Findings were then corroborated against the preliminary results to
assess the influence of Al tools on the development of data interpretation skills.

Four methods of data collection were used to assess the development of skills in interpreting data:
diagnostic test, practical tasks, assessment rubric, and questionnaire. These tools yielded a detailed
picture of students' abilities and progress in learning, as well as their opinions on Al-assisted learning.
Data collection instruments (in this study) are presented in Figure 1.

DATA COLLECTION INSTRUMENTS

Four instruments were used to evaluate the development of data interpretation skills
among future biology teachers. Each instrument captures a different aspect of learning and performance.

@ 02) 03 04
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Figure 1. Instruments utilized to conduct the evaluation of the interpretation based data abilities
of prospective Biology Teachers

TOGETHER, these instruments provided both quantitative and qualitative data, allowing a comprehensive
evaluation of the impact of artificial intelligence tools on the development of data interpretation skills.

|

Such Al devices were fundamental to this research. These helped students to analyze biological
information, interpret results, generate explanations, and visualize scientific information. Tools selected
were based on their accessibility, educational value, and relevance to biology teacher education.
ChatGPT acted as the main Al tool throughout the experimentation. It helped the students make sense of
biological data, clarify dense scientific concepts, and arrive at evidence-based conclusions. The students
analyzed graphs, tables, and experimental results with the platform. Also, it provided instant feedback to
help shape up their interpretations and bolster scientific reasoning. Gemini supported searching for
information and looking for data. Students used it to find scientific information, compare sources, and
organize scientific knowledge. The tool proved beneficial, particularly in dealing with ecological,
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physiological, and genetic data where it needed more context and explanation. Copilot assisted students
in organizing and formulating clear explanations. It was utilized for paraphrasing scientific texts,
identifying main conclusions, and sorting biological information. The platform also facilitated the
presentation of information and helped people draw logical conclusions about the data. Claude was used
for more in-depth research in order to delve deeper with the science behind it. It was used for students to
analyze scientific data by means of the application of the tools such as Claude. Students applied it to
research results to investigate research findings, appraise evidence, investigate supporting material, and
develop well-reasoned arguments supported by a coherent rationale based on empirical evidence. The
instrument fostered critical analysis and encouraged critical thinking and was linked to analytical
thinking. Napkin Al was used to visualize throughout the study. Students converted text into image,
graphics, concept map, flow chart, and infographic. These visualizations simplified complex biological
interrelations and contributed to better interpretation of research data. Combined, these Al tools
facilitated a more interactive learning process. They fostered active interaction with biological
information, and promoted data interpretation skills in future biology teachers.

Criteria for Assessing Data Interpretation Skills. Four major criteria assessed an individual's
development of data interpretation skills. The criteria combined indicated students' ability to work with
biological content of the data, make evidence-based explanations, and then communicate what works
according to scientific interpretation. Data Analysis. This indicator was concerned with whether
students were able to look up biological data and discern patterns, trends, and interactions. It was
proposed that the participants should compare datasets and identify key findings and extract pertinent
findings. Good exam showing systematic and analytical skills. Data Interpretation. This objective tested
students' ability to interpret biological data based on evidence they had. Subjects explained experimental
findings, their explanation of biology, and their justification of their responses. Specific care in the
correctness and logic of their explanations was given. Drawing Conclusions. This criterion evaluated
students’ skills in constructing conclusions drawn from data analyzed. Respondents synthesized
information, justified their explanations, and created evidence-based arguments. Successful conclusions
exemplified a clear link between data and scientific reasoning. Interpretation of results of visualization.
This standard assessed students’ interactivity with visual information. Participants were encouraged to
interpret graphs, charts, diagrams, and other visual representations of biological data. We were really
concentrating on trends, relationships, communicating accurately. Statistical Data Analysis. Descriptive
and inferential statistics were performed on the collected data. Such strategies facilitated the assessment
of the modification impact on the students' performance of Al-based learning tasks before and after
using such Al-driven learning activities. Percentage Analysis. The distribution of participants on the
basis of low, medium, and high data interpretation ability can be calculated by the percentage analysis.
So you can get a sense of learning progress against that in the progress of a course, and how well you
are still learning. Mean Scores. Measures of average to compare where participants’ performance at
different points in the study. These results allowed general trends to be identified and to quantify
improvement. Testing for Statistical Significance. Inferential Statistic analysis was performed to
demonstrate if the changes were significant. Based on the data type, either the independent samples t-
test or chi-square (%) test were used. As such, it is now possible to objectively evaluate the effectiveness
of an intervention. Statistical Software. Data analysis and processing were performed in Microsoft Excel
and IBM SPSS Statistics. The software also supported the organization of data, statistical calculation,
hypothesis testing, and graphical representation of results.

Results. Initial Diagnostic Results. The diagnostic stage for data analysis of first-year master's
students in 7M01513 — Biology was performed to ascertain the background of data interpretation skills
by the first-year master's students in the 7M01513 — Biology program. Data analysis, interpretation,
conclusion drawing, and visualization interpretation were carried out before the intervention. Most
students' proficiency levels were medium and low. They could find rudimentary data from biological
datasets but found it difficult to describe relationships and explain complex results, to infer from it, and
to make claims based on evidence. Graphs, charts, and other graphical representations of the biological

158




BECTHUK Ka3HIIY umenu Abas, cepus «lledacocuueckue naykuy, Ne3(91), 2026 e.

data were not without their difficulties when dealing with graphics and the like. Findings indicated that
although participants had sufficient knowledge of biology, data interpretation skills need further
development. They also validated the importance of adding artificial intelligence tools to their learning
so that advanced analytics and interpretation capabilities are improved. Participants were divided on a
classification scale based on the diagnostic survey into three groups based on the following levels
according to a diagnostic assessment: high, medium, and low (Table 1).

Table 1 — Initial Level of Data Interpretation Skills

Number of Participants Percentage (%)
@ High 9 16.7

Medium 24 44.4

@ Low 21 38.9
@ Total 54 100

The highest level of medium-level data interpretation skills was exhibited by participants (44.4%), as
illustrated in Table 1. Another 38.9% were rated as low level and 16.7% were high level. Overall, these
results suggest that the significant majority of students did not possess the appropriate competencies in
the field of interpreting and analysing biological data at the beginning of the study. The generated
findings were used as a baseline in determining the utility of the Al-based instruction intervention
applied at the onset of the experiment.

Performance of Experimental and Control Groups. To assess the efficiency of artificial intelligence
tools, experimental and control groupings were comprised of the subjects. Both groups carried out the
same diagnostic assessment before the intervention. The results indicated similar levels of data
interpretation skills among the participants, which offered a solid grounding to compare the learning. In
the experimental group formative task, the experimental group had Al tools (e.g. ChatGPT, Gemini,
Claude, Copilot and Napkin Al). The control remained instructed in standard ways. After the
intervention, completion of post-test in both groups involved data analysis, data interpretation,
conclusion drawing, and interpretation of the visualization. There was significant improvement in both
groups. However, the experimental group made clear improvements. In the experimental group,
students performed better when analyzed biological data, found patterns, and explained research
findings. They also exhibited improvements in their confidence when engaging with graphs, charts, and
visualized datasets. In comparison, only moderate improvement was observed in the control group.
These results indicate that Al-induced learning tasks lead to a favourable growth of data interpretation
skills of the future biology teachers.

159




Abaii amvinoasvr Kas¥ITV-y XABAPIIIBICHI «Iledazozuka zvinbimoapuiy cepusicol, Ne3(91), 2026 .

60

50 48.1

51.9
44.4 44.4
40.7

40 37.1
30 259
20 185

14.8

l 1.2
10 l )
0

High Level Medium Level Low Level

Percentage of Students (%)

22.2

B Experimental Group [l Experimental Group [l Control Group B Control Group
(Pre-test) (Post-test) (Pre-test) (Post-test)

Figure 2. Analysis of Data Interpretation Skills between Experimental and Control
Groups before and after intervention

The authors developed this guide. The distribution among participants across proficiency levels is
shown in Table 2.

Table 2 — Results of the Experimental and Control Groups

18.5 44.4 37.1

Experimental Group

(Pre-test)
Experimental Group
(Post-test) A o i
Control Group 14.8 44.4 40.8
(Pre-test) ’ ) .
Control Group 25.9 51.9 22.2

(Post-test)

As illustrated in Table 2 the percentage of high level students in the experimental group increased
from 18.5% to 40.7%. Moreover, the proportion of students at the low level dropped from 37.1% to
11.2%. The study results show a general improvement in these skills. The control group also witnessed
positive changes, but they were less obvious. The result has more generally shown that artificial
intelligence elements in learning processes contributed to a higher degree of improvement in data
interpretation skills.

Results following the Formative Phase. This formative stage was focused on improving students'
data interpretation skills, harnessing the uses of artificial intelligence tools. Meanwhile, participants
interacted with biological datasets, graphs, tables, and graphics with ChatGPT, Gemini, Claude, Copilot,
and Napkin Al. There was a positive change after the intervention. Students exhibited greater
confidence in the processing of biological data and in reading research results. Such knowledge could be
seen by their increased understanding of data patterns that were helpful in articulating biological
relations. Improvement in data interpretation and visualization tasks was the most significant. Graphs,
charts and diagrams contributed better performance in participants’ data. Their statements became more
precise, more supported by evidence. In general, the results showed that the Al-supported learning
activities have contributed to the development of the data interpretation abilities in prospective biology
teachers.
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Figure 3. Changes in Data Interpretation Skill Levels Before and After the Formative Stage
The results of the formative stage are presented in Table 3.

Table 3. Changes in Data Interpretation Skill Levels Following the Intervention

Level | Pre-test (%) | Post-test (%)
@ High 16.7 33.3
Medium 44.4 50.0

@ Low 38.9 16.7

Table 3 shows the results of the formative stage. It contrasts data interpretation skill levels after the
intervention. The proportion of high-level students increased from 16.7% to 33.3%, as depicted in Table
3. On the one hand, the low level of students dropped from 38.9% to 16.7%. For the medium level, the
increase was also modest, from 44.4% to 50.0%. Findings were that the introduction of artificial
intelligence assisted students enhance their analytical, interpretation and communication skills regarding
biological phenomena.

Comparative Study of Proficiency level changes. Comparison of pre- and post-test scores indicated
improvement for all levels of proficiency. The largest change was the reduction among the low students
and an increase amongst medium/high learners. This phenomenon implies that the intervention fostered
skills for data interpretation skills.

Low Level. When the study was initiated, 38.9% of participants were classified as being at the low
level. After the intervention, it reduced to 16.7%. Students have shown improved skills in scrutinizing
biological data and interpreting research reports. They also gained confidence when engaged with
scientific data and visual materials.

Medium Level. The percentage of students at a medium level increased from 44.4% to 50.0%. The
growth rate was modest but significant. The participants showed better knowledge of biological
information and could recognize patterns and the ability to explain their findings and outcomes.
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High Level. At the highest level, there was a larger rise. The proportion of these students increased
from 16.7% to 33.3%. They showed more appropriate analytical thinking, improved data interpretation
skills, and higher level of evidence-based reasoning. They also did better on graphs, charts, and
visualized datasets.

60 -
Il Pre-test (%)
50.0 Il Post-test (%)

50 4

Percentage of Students (%)

Low Level Medium Level High Level

Proficiency Level

Figure 4. Change in Students’ Proficiency Before and After Intervention

The results represent a clear trend from lower to higher levels of proficiency. The increase in the
high-level category and decrease in the low-level category suggests a beneficial effect of Al-enabled
learning activities on the data interpretation skills development of biology teachers in the future.

The findings were presented in tables and figures to facilitate comparison. Quantitative data is
summarized in Tables 1-3, Figures 1-4 demonstrate differences in interpretation proficiency across the
experiment. Statistical and visual analyses showed a positive trend. The percentage of learners from the
lower levels went down, while the rate of the learners at the medium and high levels increased. Taken
together, the results in Tables 1-3 and Figures 1-4 present undeniable proof that the utilisation of Al
tools facilitated the education of the developing understanding of data interpretation for prospective
future biology teachers.

Discussion. Interpretation of the Findings. The outcomes indicate that embedding artificial
intelligence aids in the learning process significantly helped build the knowledge of data interpretation
of the prospects of future teachers of biology. Students obtained successful knowledge of biological
information, the ability to analyse and interpret datasets, and use evidence for their reasoning. One such
effect that was apparent was the decrease in the number of students at the low level for learning and the
increase of the medium proficiency as well as the high levels. This shift indicates that the Al-enhanced
activities offered more time to practice, be self-directed and critically reflect. The results also point to
the relevance of data-focused learning for biology education. Students built the skills required to analyze
and interpret material through regular interactions with datasets, visualisations, and Al-generated cues.
Ability of Artificial Intelligence Tools to Perform Well. The research also verifies that the application of
Al tools can support learning effectively in biology education. ChatGPT, Gemini, Claude, Copilot and
Napkin Al were helpful for students to delve into biological information, data and explanation. Benefits
Several benefits were brought into focus during the experiment. Students were given responsive
feedback, they were able to access more information, and their ideas were more directed. These
opportunities for active learning promoted deep learning and engagement in scientific content. These
tools were particularly helpful visualization tools. Diagrams, concept maps and infographics supported
students with better understanding of complex biological relationships to research findings and better
understanding of how these relationships operate. Therefore, Al technologies were transformed into
sources not only of information but also of high-level thinking skills. Comparison to Previous
Investigations. The findings from this study are consistent with previous research on artificial
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intelligence for educational purposes. Such learning can be enhanced by Al-supported methods to
support critical thinking, problem solving, and academic performance as previously showed. Similar
trends in the previous study were found. The students who worked with Al tools reported better
performance at data interpretation tasks and more confidence when manipulating biological data.
Despite many studies investigating general learning outcomes, the study suggests that Al tools can
support the development of data interpretation skills in biology teacher education. This broadens our
awareness of the pedagogical utility of artificial intelligence in higher education practices. Study'
scientific and practical significance. The scientific implications of this work are the empirical evidence
on the purpose of artificial intelligence to promote teachers' competences required in data interpretation
in future biology teachers, which will inform teaching of this teaching subject. The results add to the
increasing volume of findings on educational digitalization and Al-assisted learning. The practical
consequences are just as relevant. The recommended approach may be used in university, teacher
education, and on digital learning. These Al applications can help with data analysis, scientific
reasoning, and evidence-based governance. The study further provides methodological advice on
integrating artificial intelligence into biology education. The recommendations may help educators to
build more interactive and data-based learning experiences. Limitations of the Study. There are several
limitations that must be regarded. There are a total of 54 first-year master’s students from a single
university participated in the paper. Thus caution must be used in extrapolating findings to wider
populations. The intervention also took place over relatively limited time. Further investigation with
longer practice time frame might yield more information on long term impact on Al-enabled learning.
Furthermore, the research was concentrated on the data interpreting skill. The other competencies:
creativity, collaboration (or collaborative project-type work), and research design abilities were beyond.
Despite these challenges, the results demonstrate the educational potential of artificial intelligence tools
and provide a solid basis for future research in biology teacher education.

Conclusions. Summary of the Findings. Through this study, the author examines how artificial
intelligence tools foster data interpretation abilities in future biology teachers. The results displayed
favorable changes in all measured aspects such as data analysis, interpretation, conclusion drawing, and
visualization interpretation. Learners were more confident when working with biological data. They
were able to do a better job at spotting trends and finding patterns, making sense of results, and drawing
evidence-based conclusions. Enhanced reading of graphs, charts, and other visual resources was also
recorded. In short, studies have shown that Al tools can augment and supplement the learning
experience — while also helping to build competencies that are critical in today's biology classroom. This
experiment proved the hypothesis that the study was accurate in confirming the findings. We assumed
that systematically applying artificial intelligence tools would help future biology teachers to improve
data interpretation skills. The results lend credence to this assumption. The participants who were
involved in the Al-enabled learning exercise had better results for analyzing and interpreting biological
messages. They also became more confident expressing scientific results and interacting with research
findings. These results show that the use of artificial intelligence can be considered as a promising
method to enhance teacher teaching skills in data interpretation. Suggestions for Further Research. This
study leaves a number of avenues for future research. Similar research might be carried out with larger
samples of participants and from other universities. This would create a wider perspective on how good
Al-supported learning is. Future research could also investigate the enduring influence of Al on
professsional competence development. Longer-term interventions might also indicate whether the
changes observed in recent studies hold over time. Another fruitful avenue of investigation includes
how Al tools are impacting critical thinking, scientific exploration, creativity, and research skills.
Comparative research on various Al platforms would be useful to establish the best path to integrating
Al-driven learning approaches for biology teachers in their instruction. While Al innovation continues,
its educa-tional application should be further explored. More comprehensive research will assist
teachers in utilizing these tools and also prepare educators for data-driven schools to provide better
education for learners of tomorrow.
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7KOFAPBI OKY OPHBI CTYJIEHTTEPIHE BEMOPT AHUKAJIBIK XUMMSTHBI
OKBITY/IA WEB 2.0 KYPAJIIAPBIH KOJJIAHY IBIH APTHIKIIBLIBIKTAPBI

Anoamna
beiiopranukaiblk XMMHSHBI OKpITyZma Web 2.0 KypammapblH KOJJaHy Kasipri OutiM Oepy JKyieciHzeri 3amaHayu
TEXHOJIOTASUIAP/IBI THIMII TaiiiananyIpIH Oip »Koibel 00JbI TaObiTaael. By Makamana aTaiFaH Kypaimapasl OKy YaAepiciHe
SHT3Y/IIH MaHBI3IBUILEFEI MEH apTHIKIIBUIBIKTAPEI KapacThIPBUIAIBL. AKIAPATTHIK-KOMMYHHKAIHSUIBIK, TEXHOJIOTHSIIAPIBIH
JKeen AamMybl OUTIM allylIbUIapbIH OKyFa JIeTeH BIHTACBHIH apTTBIPYFa, OKBITY CAIlACHIH JKAKCApTyFa JKOHE IOHTE JICTCH
KBI3BIFYIIBIIBIFBIH KYIIEHTYyTe XKaHa MyMKIHIIKTep YcbIHapl. Web 2.0 Kypangapbl apKbUIbl OKYIIBUIAP/IBIH ©3/irHEH OLTiM
alyblHa, IIBFAPMAIIBUIBIK KAOUICTTEpiH MaMBITYbIHA JKOHE TAHBIMIBIK OCJCEHIUNTIHIH apTyblHA OJI aIlbLIafbl.
MakanaHblH MakcaTel — OCHOpraHMKaIbIK XMMHUAHBI OKpITyZa Web 2.0 KypanmapslH KONIAaHYABIH THIMII >KOJJAPHIH
aHBIKTAIl, OJIAPJIBIH OKY CallaChlHA THUTI3E€TiH OH OCEPIH JaMeniey. 3epTTey OaphIChIHAA CABICTHIPMAIIBI TANAAy, OaKbLIay,
cayaJiHaMa >KoHe TOKipHrOemik cabakrap omictepi konmanbuiasl. Hotikecinae Web 2.0 KypaingapbIH KOIIaHy OKYIIbIIAPI6IH
TIOHTE JIETeH KbI3bIFYIIBUIBIFBIH aPTTHIPBII, OLTIM CarachlH KOFapbUIaTaThbIHbI aHbIKTaJ(bl. COHBIMEH KaTap, MyH/aii o/iicTep
OKYIIBUTAPIBIH OJIAY, Tall/Iay, TOIIEH KYMBIC JKacay JKOHE 63 OMBIH epKiH JKETKi3y JaFIpUIaphIH TAMBITYFa BIKMAT €TETiHi
Gaiikanpl. Meicanbl, Padlet, Kahoot, Google Forms, Quizlet, Wordwall cusikTsl cepBucTepi maiinanaHy apKpUIbl cabak
Ma3MYHBIH TYPJICHIIpIN, OHbI MHTEPAKTUBTI opi KBI3BIKTHI €Til eTKi3yre 0oiaasl. KopbIThHIBLIAN Kerne, GeopraHuKabIK
XuMusiHbBl OKpITyna Web 2.0 KypanmapblH KoJiiaHy — 3amMaHayd OimiM OepymiH THiMi TeTiri. O MyFalliM MEH OKYIIBI
apachIHIAFbI OAlJIAHBICTH HEIFANTBHII KaHA KOWMAaH, OKBITY IBIH Carachl MEH HOTIDKEIIUITIH apTTRIPYFa MYMKIHIIK Oepeii.
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