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Abstract

Future language teachers meet Al-enabled language learning tools twice: as learners who
use them now, and as professionals who may soon bring them into their own classrooms. This
article reports a cross-sectional survey of pre-service English teachers at one Kazakhstani
pedagogical university. Thirty-eight third- and fourth-year students took part, and 33 confirmed
using Al-enabled language learning tools within the previous twelve months. The questionnaire
was adapted from the Technology Acceptance Model and covered perceived usefulness, perceived
ease of use, behavioral intention, an additional block on future professional use, a usage profile,
and two open-ended questions. Internal consistency of the multi-item scales was satisfactory
(Cronbach's alpha 0.74-0.80). ChatGPT-type chatbots turned out to be the most widely used tools
(81.8%), and vocabulary and writing were the skills students practised most often. Perceived
usefulness received the highest composite rating (M = 3.80) and perceived ease of use the lowest
(M = 3.44). Usefulness correlated positively with behavioral intention (rho = 0.53, p = 0.002),
whereas usage frequency showed no significant association with intention. Open-ended responses
pointed to infrastructural barriers, distrust of answer accuracy, and the quality of Kazakh-language
adaptation. Implications for foreign language teacher education programmes are discussed.
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BOJIAIIAK AT BUIIIBIH TUII M¥FAJIMJEPIHIH KA KOJIJAVTHIH TLI
YUPEHY KYPAJITAPBIH KABBIUIIAYBI )KOHE KOJIIAHY bI

Axoamna

binim Gepyzeri jxacaHAbl HHTEIJIEKT TEXHOJIOTHSUIaPbIHBIH KaPKbIH/IbI TapaTybl Ooaiak
Tin myFanimaepinid XKW KonmaiTeIH Tia yipeHy KypajijapblHa KaThICThl YCTaHBIMBIH 3€pTTEYIiH
©3EKTLUIITH apTTBIPBIT OTHIP: OJap Oy KypangapAsl OLTIM alylibl peTiHJe MNaiaanaHbIIl,
Oonarakra KociOu KeI3METiH/Ie KOJIJaHybl MyMKiH. Makanasa 0ip Ka3aKCcTaHIbIK MeJaroruKaibIK
KOO-upIH Oonamak arbUIIBIH TUI MYFaliMJepl apachlHIa KYPri3uIreH KpOocc-CeKIUSIIBIK
cayaJHaMaJIbIK 3epTTey HoTHXkKenepi 6asHaanaapl. 3eprreyre 3—4-KypcThiH 38 CTYA€HTI KaThICTHI,
onapabiH 33-1 conrbl OoH eki aifna XKW konmalThlH TN YHpeHy KypajJapblH MaiijjalaHFaHbIH
pactanel. CayalHaMa TEXHOJOTUSHBI KaOBbLIAAY MOJIEINI HEeT131Hae OeiiMIen i )KoHe Taiias Ier
KaObUIMaypl, TaiijaliaHy >KCHUIAIrIH, TMaigagaHy HUETIH, Ooramak KociOum KOJIIaHyAbl
3epAeNeUTIH KOChIMINA OJIOKTHI, MaiifanaHy HpOQMIiH >KOHE €Ki alllblK CYPaKTbl KaMTbIIbIL.
[xanamapaeiH imki yhmgeciMaimiri kanarattaHapibelk (Cronbach's alpha 0,74-0,80). En xwui
naiinananeateia Kypan — ChatGPT Tunti war-6ottap (81,8%); Kypannap kebiHe JeKCHKa MEH
’Ka3bUIBIM JIaFIbUIAPbIH 1aMBITY YIIIH KoJgaHbu1aasl. [laiinans: nen kaOwiinay eH xxorapel (M =
3,80), maiimanany >keHunAiri e TomeH (M = 3,44) Garananapl. [laliqanbuIbIK MeH maiijanany HASTI
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apacbiHAa oH Oailnaneic aHbIKTanael (rho = 0,53; p = 0,002), an naiiganaHy >KUUIIrT MEH HUET
apachIHAarel OaiimaHbic MOHJI O0ONMasbl. AIIBIK JKayanTapaa HHPPaKYpBUIBIMIBIK Keaepriiep,
JKayar JIQJJITIHE CEHIMCI3JIIK JKOHE Ka3ak TuliHe Oeiimaey camacekl aranabl. Hlerenm Ttimi
MyFaliMepiH aaspriay OaraapiaManapbiHa apHAIFaH YCHIHBIMIAp Oepieni.

Tyiiin ce30ep:. owcacanovr uumennekm, KU konoatimein min yupeHy Kypaioapwl;
MEeXHON02UANbL KAOBLIOAY MOOei; OONauaK AgbLIUbIH Ml MY2aniMoepi; uemminoix Oinim bepy;
ChatGPT; natioansl 0en Kabwviioay, nanioarany nuemi, KU cayammoinvizol; Kazaxcmar.
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HNPUHATHE U HCITIOJIb3OBAHUE UN-UHCTPYMEHTOB JIIS1 U3YUYEHUS
A3BIKA BYAYIIUMU YUUTEJAMU AHI'VIMUCKOTI'O A3bIKA

ArHomayus

bricTpoe pacmpocTpaHeHHe TEXHOJOTMH HCKYCCTBEHHOIO HMHTEJUIEKTa B 00pa3oBaHUU
00yCIOBIMBAEeT HEOOXOAUMOCTh U3yUEHHs TOTO, KaK OyayIliue YYUTeNs si3blKa BOCIPUHUMAIOT
NU-uHCTpYMEHTBI AJI U3Y4YEeHMs SI3bIKa: OHM HCHOJB3YIOT UX Kak oOydaromuecs U MOTYT
OPUMEHATHh B MPO(ECCHOHANBHON JIeATeNbHOCTH. B cTaThe mpeacTaBieHbl pe3yibTaThl Kpocc-
CEKLIMOHHOI'O OINPOCHOIO HCCIENOBaHMUS OYyIyIIUX YYHUTENIeH AaHIJIMHCKOro $3bIKa OJIHOTO
Ka3aXCTaHCKOT'O I€1arOru4ecKoro By3a. Y4yactue npuHsaiau 38 cryaeHToB 3—4 KypcoB, U3 HUX 33
NOJATBEPANIIHN ucnoiib3oBanue UM -uHCTpyMEHTOB [U1sl U3y4eHHUs sI3bIKa 3a ITOCJIETHUE JBEHAALATh
MecslEeB. AHKETa aJalTUpPOBaHA HAa OCHOBE MOJEIM IPHUHATHUS TEXHOJOTMH M OXBaThblBaja
BOCIIPUHUMAEMYI0 IOJIE3HOCTb, HPOCTOTY MCHOJIb30BaHUS, HAMEPEHUE HCIOJb30BaHUS,
JOTIONTHUTENIBHBIA OJIOK O MpodeccuoHaIbHOM MPUMEHEHUH, MPO(UIb MCIOIB30BaHUS U JIBA
OTKpBITBIX BONpOca. BHYTpEeHHSAS COINaCOBAaHHOCTh INKaJ Obla YJIOBJIETBOPUTEIBHOU
(Cronbach's alpha 0,74-0,80). Haubonee pacmpocTpaHEHHBIM HHCTPYMEHTOM OKa3aJIMCh Yar-
6otsl THma ChatGPT (81,8%); MHCTpYMEHTHI Yale NMPUMEHSIOTCS JJIsl Pa3BUTHS CIOBAPHOTO
3araca U HaBBIKOB NMHChMa. BocrprHUMaeMas Moie3HOCTh MOJTy4Yliia HauBBICIIYIO OlleHKY (M =
3,80), mpocToTa UCHONb30BaHUI — camylo Hu3Kyo (M = 3,44). Tlone3HOCTh MOJOKUTEIHHO
CBsI3aHa ¢ HaMepeHueM ucnoiab3oBanus (rtho = 0,53; p = 0,002); craTucTHYECKH 3HAYNMOM CBSI3U
MEXJ/y 4acTOTOW HCIIOJIb30BAaHMSI M HAMEPEHUEM HCIIOJIb30BAHUSA HE BBIABIEHO. OTKpBITHIC
OTBETHI yKa3allu Ha UHPPACTPYyKTypHbIe Oapbepbl, HEJJOBEpUE K TOUHOCTH OTBETOB U MPOOIEMbI
KayecTBa OTBETOB Ha Ka3axCKoM s3bike. OOCYKHaloTCs pPEeKOMEHIAIMHM Ui TPOrpaMM
MOJITOTOBKU YUUTENEeH HHOCTPAHHBIX SI3BIKOB.

Knrouesvie cnosa: uckyccmeennvlii unmennexm, MH-uncmpymenmol 015 u3yyeHus A3vlKd,
MoOenb  NPpUHAMUA  MeXHONo2ull, Oyoywue yuumens aHIUNCKO20 A3bIKA;, UHOA3bIYHOE
oopaszosanue;, ChatGPT; eocnpunumaemas none3Hocms, HamepeHue ucnoav3osanus, MHHU-
2paMOMHOCb;

INTRODUCTION

Artificial intelligence (Al) technologies have been reshaping language education in recent
years, and research is only beginning to catch up with practice. A systematic review of Al
applications in higher education found rapid technological spread alongside weak pedagogical
grounding [1]. Within language education, adaptive systems form one recognisable group of Al-
based tools: they adjust task difficulty, content and feedback to the learner's level and responses,
and the literature often uses the terms adaptive learning and personalized learning interchangeably
[2]. The arrival of generative tools such as ChatGPT then widened the picture considerably and
sharpened research interest in foreign language teaching. Researchers have studied the place of



ChatGPT in EFL learners' informal digital learning [3], teachers' views on what such tools can
offer [4], and how Al tools affect affective factors related to speaking [5]. In this article the
umbrella term Al-enabled language learning tools covers both specialized adaptive applications
and general-purpose generative chatbots used for language learning; adaptivity is treated as one
salient feature of such tools rather than a defining criterion.

Whether a new technology takes root in education depends above all on whether its users
accept it. Acceptance research on generative Al already shows that established models transfer to
this new class of tools: studies of university students' uptake of ChatGPT confirm their
applicability [6]. The framework applied most often remains the Technology Acceptance Model
(TAM). Davis [7] proposed explaining the intention to use a technology through two constructs,
perceived usefulness (PU) and perceived ease of use (PEOU). Later extensions [8] and systematic
reviews of educational settings [9] support the continuing relevance of TAM for studying how
educational technologies are received.

Pre-service teachers occupy a particular position in acceptance research because they
encounter Al twice, first as learners and later as professionals who decide whether to bring such
tools to their own students. In a study of 452 pre-service teachers at a German university, perceived
usefulness (f = 0.501) and perceived ease of use emerged as the main predictors of the intention
to use Al [10]. Initial language teacher education has also begun responding to generative Al:
teacher educators report rethinking their courses [11], and intervention studies have sought to build
pre-service language teachers' professional generative Al competence [12]. Such work connects
to the wider agenda of Al literacy [13] and to the UNESCO Al competency framework for teachers
[14]. Survey evidence on how pre-service English teachers themselves accept and use Al-enabled
language learning tools nevertheless remains limited, particularly outside East Asian and European
contexts.

For Kazakhstan the question carries particular weight. Al development has been declared a
state priority, and the Concept for the Development of Artificial Intelligence for 2024-2029 was
approved by Government Decree No. 592 of 24 July 2024 [15]. Access to Al tools in the education
system keeps expanding, yet empirical evidence on how future foreign language teachers actually
use and accept them remains limited. The quality of Al output in Kazakh deserves attention as
well: in a recent evaluation conducted in the clinical nutrition domain, ChatGPT-4 outputs in
Kazakh performed substantially worse than corresponding English and Russian outputs [16]. How
such localization constraints shape learners' acceptance is still poorly documented, particularly for
Kazakhstan.

Against this background, the study set out to identify pre-service English teachers'
acceptance and use of Al-enabled language learning tools at one Kazakhstani pedagogical
university. The research questions and the hypothesis are formulated in the Materials and Methods
section.

MATERIALS AND METHODS

The study followed a cross-sectional survey design. Four research questions were posed:
(RQ1) which Al-enabled language learning tools students use, how often, and for which language
skills; (RQ2) what the levels of the acceptance constructs are, namely perceived usefulness (PU),
perceived ease of use (PEOU), and behavioral intention (Bl); (RQ3) whether indicators of use are
related to the acceptance constructs; (RQ4) what intentions students hold, as future teachers, about
applying these tools in their professional work. Within RQ3 one hypothesis was tested: H1, usage
frequency is positively related to behavioral intention.
The study involved third- and fourth-year students of the English teacher education programme at
one Kazakhstani pedagogical university (convenience sampling). Of 40 distributed questionnaires,
38 were completed and returned (a response rate of 95%). Twenty-two respondents (57.9%) were
third-year and 16 (42.1%) fourth-year students; 29 (76.3%) were female and 7 (18.4%) male, one
respondent preferred not to indicate gender, and one left the question unanswered. Self-assessed
English proficiency (CEFR) was distributed as follows: A2 — 3 (7.9%), B1 — 17 (44.7%), B2 — 15



(39.5%), C1 and above — 3 (7.9%). The screening question showed that 33 respondents had used
Al-enabled language learning tools within the previous twelve months and entered the main
analysis; the 5 non-users answered only the demographic block and the open-ended question on
barriers.

The questionnaire was administered on paper in class. Permission to conduct the study was
obtained, and the introductory section of the questionnaire informed respondents about voluntary
participation, the anonymity of responses, and the use of data in aggregated form for research
purposes only, which served as informed consent.

The questionnaire consisted of six parts: a screening question, a demographic block, a
usage profile (a list of tools, frequency, skills, and duration), an acceptance block, a future-teacher
block, and two open-ended questions. The screening question offered respondents a working
definition, describing Al-based tools that automatically adjust task difficulty, content, or feedback
to the learner, and listed examples that included specialized applications and ChatGPT-type
chatbots used for language learning. Because the tools respondents actually reported ranged from
adaptive applications to general-purpose chatbots, the broader term Al-enabled language learning
tools is used in reporting. The items of the acceptance block were adapted from the original
constructs of the Technology Acceptance Model [7]: PU with four items, PEOU with four items,
and Bl with three items, all on a five-point Likert scale (1 — strongly disagree, 5 — strongly agree).
Two author-developed additions were included: item PU5 on adaptivity and a future-teacher (FT)
block of three items. Neither belongs to the original instrument [7]: PU5 was treated as a separate
exploratory item and was not merged into the PU composite, and the FT block was analyzed
separately. The items were forward-translated into Kazakh by the author and checked against the
original English wording; the full cross-cultural adaptation cycle recommended for self-report
measures [17], including back-translation, expert committee review, and pretesting, was not
implemented, and the instrument was not piloted before field use. Both points are acknowledged
in the Limitations section.

The analysis relied on descriptive statistics (frequencies, percentages, means, and standard
deviations), internal consistency of the scales (Cronbach's alpha), and Spearman rank correlations.
Composite scores were computed as the mean of the items; a composite was calculated only when
at least three of the four PU items, three of the four PEOU items, and all three Bl and FT items
had been answered. Given the small sample size (n = 33), no factor analysis was performed, and
non-parametric correlations were used. Apart from the hypothesized H1 test, all correlations were
exploratory and are reported with unadjusted p-values. The analysis was carried out in Python 3
with the pandas and SciPy libraries.

The two open-ended questions were analyzed through inductive content analysis. All
responses were read in full and assigned short descriptive codes; codes recurring across responses
were grouped into broader themes. Coding was performed on the original Kazakh responses, and
illustrative quotations were translated into English by the author for reporting. Coding was carried
out by the author alone; no second coder was involved, so intercoder reliability could not be
computed. This is acknowledged in the Limitations section.

RESULTS

Usage profile (RQ1). Among users (n = 33) the most widespread tools were
ChatGPT/Gemini-type chatbots used for language learning (27 respondents, 81.8%), followed by
Duolingo (17; 51.5%) and Quizlet (17; 51.5%), ELSA Speak (9; 27.3%), Memrise (5; 15.2%), and
Busuu (2; 6.1%); Grammarly, Cake (twice), and DeepL Write were named under the option ‘other".
The largest groups by frequency used the tools about once a week (13; 39.4%) or several times a
week (11; 33.3%); two respondents (6.1%) used them daily. As for duration, 11 respondents
(33.3%) had used the tools for 6-12 months, 8 (24.2%) for more than a year, 9 (27.3%) for 3-6
months, and 5 (15.2%) for less than three months. The tools were applied most often to vocabulary
(22; 66.7%), writing (20; 60.6%), speaking practice (19; 57.6%), and grammar (18; 54.5%);
pronunciation was named least often (11; 33.3%). A detailed usage profile is presented in Table 1.



Table 1. Usage profile of Al-enabled language learning tools (n = 33)

Indicator Category n (%)
Tools (multiple choice) ChatGPT/Gemini (chatbot) 27 (81.8)
Duolingo 17 (51.5)
Quizlet 17 (51.5)
ELSA Speak 9 (27.3)
Memrise 5 (15.2)
Busuu 2(6.1)
Other (Grammarly, Cake, DeepL Write) 4(12.1)
Frequency Daily 2(6.1)
Several times a week 11 (33.3)
About once a week 13 (39.4)
Several times a month 6 (18.2)
Less often 1(3.0)
Duration Less than 3 months 5(15.2)
3-6 months 9 (27.3)
6-12 months 11 (33.3)
More than a year 8 (24.2)

Acceptance levels (RQ2). All multi-item scales showed satisfactory internal consistency
(alpha = 0.70; Table 2). Perceived usefulness received the highest composite rating (M = 3.80,
SD = 0.60), while perceived ease of use was rated comparatively low (M = 3.44, SD = 0.68), with
the weakest single item concerning the ease of finding the needed function (M = 3.09). Behavioral
intention (M = 3.48, SD = 0.74) and future-teacher intention (M = 3.53, SD = 0.85) were above
the scale midpoint. The exploratory adaptivity item PU5 received the highest rating among the
usefulness statements (M = 3.97, SD = 0.85); it was analyzed as a separate item and was not
merged into the PU composite.

Table 2. Descriptive statistics and reliability of the scales (users, n = 33)

Scale / item Items Cronbach's M SD n
alpha

Perceived usefulness (PU) 4 0.74 380 |0.60 |33

PUS: adaptivity (exploratory item) | 1 — 3.97 085 |33

Perceived ease of use (PEOU) 4 0.77 344 10.68 |33

Behavioral intention (BI) 3 0.80 348 |0.74 |31

Future-teacher intention (FT) 3 0.76 353 1085 |31

Relations between use and acceptance (RQ3). Hypothesis H1 was not supported: the
association between usage frequency and behavioral intention did not reach statistical significance
(rho = 0.26, p = 0.150, n = 31). The associations of usage duration and tool range with the
acceptance constructs also failed to reach significance (all [rho| < 0.28, p > 0.05). At the same
time, the relations among the constructs were broadly consistent with selected TAM relationships:
a moderate positive association was recorded between PU and Bl (rho = 0.53, p = 0.002, n = 31),
and positive associations were found between PU and PEOU (rho = 0.44, p = 0.010, n = 33) and
between PU and FT (rho = 0.40, p = 0.027, n = 31). In exploratory analyses, the adaptivity item
PUS5 was also positively associated with Bl (rho = 0.42, p = 0.020, n = 31). These additional
correlations were exploratory and are reported with unadjusted p-values (Table 3).

Table 3. Spearman rank correlations, rho (n)

| Variable |1 [ 2 |3 [ 4 |5




1. Usage frequency —

2. PU —0.02 (33) —

3. PU5 (item) —0.14 (33) 0.71**(33) | —

4. PEOU —0.01 (33) 0.44* (33) 0.23 (33) —

5. Bl 0.26 (31) 0.53** (31) | 0.42* (31) 0.31 (31) —

6. FT 0.06 (31) 0.40* (31) 0.38* (31) 0.14 (31) 0.31 (30)

Note: * p < 0.05; ** p < 0.01; pairwise n in parentheses. Correlations other than the H1 test are
exploratory; p-values are unadjusted.

Open-ended responses (complementing RQ1 and RQ4). Four themes were identified in the
answers about benefits (29 responses): adaptivity and personal pace (‘tasks that match my level', 'l
train my weak points more', 'l choose the difficulty myself'); immediate feedback and error analysis
('l notice my mistakes right away', 'l understand why it was wrong'); time saving and accessibility;
and contextual explanation with examples. Four themes were identified in the answers about
barriers (32 responses, including non-users): infrastructural and financial barriers (unstable
internet, paid features, advertising); distrust of answer accuracy ('l am afraid it gives wrong
answers', ‘it may turn out wrong when | check later'); the quality of Kazakh-language adaptation
(‘the Kazakh answers are not accurate', 'the Kazakh examples feel unnatural’, difficulty with
English-only interfaces); and self-regulation difficulties (distraction, the risk of depending on
ready-made answers). The reasons given by the five non-users were not knowing where to start,
the sufficiency of the teacher's materials, unstable internet, fear of wrong answers, and the absence
of need.

DISCUSSION

Several findings deserve comment. The usage profile, to begin with, was dominated by
general-purpose ChatGPT/Gemini-type chatbots used for language learning (81.8%) rather than
specialized adaptive applications. What respondents experience as adaptivity is therefore mostly
dialogic, not algorithmic level adjustment: explanation on request, examples, reformulation. The
open-ended answers make this concrete ('if I do not understand, it explains again in other words',
'l can ask my own question freely'), and the picture fits the rapid uptake of generative chatbots
among university students reported elsewhere [6].

A second pattern concerns the balance of the acceptance constructs. Perceived usefulness
was rated highest among the composites (M = 3.80) and ease of use lowest (M = 3.44), with the
weakest single item concerning the ease of finding the needed function (M = 3.09). Students
acknowledge the value of the tools yet still find using them effortful, and the open-ended answers
suggest why: English-only interfaces, paid features and limits, and the difficulty of choosing
among many platforms. The leading role of usefulness is consistent with the TAM literature [8],
[10]. The exploratory adaptivity item, meanwhile, received the highest rating among the usefulness
statements (M = 3.97), which suggests that adaptivity itself is a salient source of perceived value
for this group; the observation requires confirmation with a validated multi-item measure.

Hypothesis H1, in turn, was not supported: no significant association emerged between
usage frequency and behavioral intention. Two readings are possible. The sample size allowed the
detection of moderate-to-strong associations only, so nothing can be concluded about the absence
of a weak association. At the same time, the relatively even level of acceptance across usage
intensities suggests that even infrequent users value the tools. The relations among the constructs
(PU-BI: rho = 0.53; PU-PEOU: rho = 0.44) were broadly consistent with selected TAM
relationships even in a small sample.

A locally salient finding concerned the quality of Al output in Kazakh. Among the barriers,
students noted inaccurate Kazakh answers and unnatural Kazakh examples, alongside a broader
distrust of answer accuracy ('l am afraid it gives wrong answers', 'it may turn out wrong when |
check later'). These perceptions are consistent with evidence of weaker Kazakh-language
performance reported for ChatGPT-4 in another applied domain [16], although direct evidence



from language-learning contexts remains limited. In the acceptance literature, evidence on the
localization quality of less-resourced languages as an acceptance barrier remains limited. With Al
development now a state priority in Kazakhstan [15], the quality of Kazakh-language output may
well shape how successfully Al tools enter Kazakh-language educational settings.

Finally, the future-teacher block showed professional intention above the scale midpoint (M =
3.53), and students themselves recognized the need for special teacher preparation (FT3: M =
3.47). The findings suggest that future foreign language teachers need targeted preparation in
selecting Al-enabled tools, critically evaluating the quality of their output, particularly in Kazakh,
and integrating them methodically into teaching. These skills are core elements of Al literacy [13],
[14] and align with current developments in initial language teacher education [11], [12].
Limitations. The study has several limitations. Convenience sampling and the single-institution
context do not allow generalization of the results. The sample included only third- and fourth-year
students, and its gender composition was asymmetric (76.3% female). Given the small sample size
(n = 33), the study had limited power to detect weak correlations, so null associations should be
interpreted cautiously. The cross-sectional design gives no grounds for causal claims. The Kazakh
version of the instrument was forward-translated without back-translation, expert committee
review, or pretesting [17], was not piloted, and did not undergo full psychometric validation (no
factor analysis was performed). Open-ended responses were coded by a single coder, so intercoder
reliability could not be established. The screening definition combined specialized adaptive
systems with general-purpose Al chatbots used for language learning; consequently, the
operational category was broader than strict definitions of adaptive learning. All indicators were
based on self-report.

CONCLUSION

The study provides an initial empirical account, from one Kazakhstani institution, of pre-
service English teachers' acceptance and use of Al-enabled language learning tools. Use of these
tools was common among the respondents, with general-purpose chatbots predominating; the
respondents considered the tools useful while rating ease of use comparatively low. The
acceptance constructs were interrelated in a way broadly consistent with TAM, whereas no
significant association was found between usage frequency and intention. Among the barriers,
alongside infrastructural and financial factors, distrust of answer accuracy and the quality of
Kazakh-language adaptation occupied a distinct place.

For teacher education programmes, the results point to the need to develop Al literacy
purposefully, from tool selection to critical evaluation of output quality and methodological
integration. Future work could validate the Kazakh version of the instrument on a larger sample
with factor analysis, compare several universities, apply experimental and longitudinal designs to
the influence of use on learning outcomes, and evaluate the quality of Al output in Kazakh in
pedagogical contexts systematically.

Funding. This research was funded by the Science Committee of the Ministry of Science
and Higher Education of the Republic of Kazakhstan (grant No. AP26101671).
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