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CAN GENERATIVE Al REPLACE HUMAN ESSAY RATERS? APSYCHOMETRIC
COMPARISON OF GPT-5.2, GEMINI, AND TEACHER RATINGS

Evaluating student writing is a crucial yet time-consuming process. Large Language Models (LLMSs)
and other recent advancements in generative Al provide potential solutions to support teachers in essay
assessment. This study psychometrically evaluates large language models such as GPT-5.2 and Gemini with
human raters to examine reliability of these solutions. All 55 essays were collected and assessed by GPT 5.2,
Gemini and an experienced teacher using a four-criterion scoring rubric. The aim of this study is to
psychometrically compare the results of human raters, GPT-5.2, and Gemini assessments on English essays,
to determine their rating reliability, intercorrelation, rating differences, and the construct validity of the rating
rubric. The results demonstrated that GPT-5.2 assigned the highest vocabulary scores, while Gemini
produced the highest grammar scores. Overall, GPT-5.2 showed high agreement with teacher ratings and can
be used as a reliable adjunct to essay grading. However, teacher professional judgment remains important
when assessing complex content and contextual features. These findings support the use of generative Al as a
supplementary tool for improving the efficiency and consistency of essay assessment in EFL contexts.

Keywords: automated essay scoring, Large Language Models (LLMs), GPT-5.2, Gemini, human rater,
assessment; psychometric assessment.

Introduction

Writing assessment is a crucial component of language education. It is not only a tool for
determining the level of linguistic competence, but also an important pedagogical process that
allows to improve the quality of teaching, monitor the learning outcomes of students, and provide
effective feedback [1].

Although traditional essay assessment is one of the primary methods for assessing students’
writing competence, a number of issues remain regarding its reliability and fairness. First, human
ratings are influenced by factors such as the assessor’s experience, linguistic and cultural
characteristics, and personal perceptions of the quality of written work. Such differences can lead to
inconsistencies between assessors and variability in assessment outcomes [2].

Additionally, manually grading essays is time-and labour-intensive. Human evaluation rigor
varies when grading essays. Such differences threaten the validity and fairness of writing
assessment [3].

Advancements in Artificial Intelligence (Al) and large language models (LLMs) such as GPT-
5.2 and Gemini offer a new opportunity for educational assessment.[2] These models are capable of
analysing and generating natural language with high proficiency, also they can evaluate time
consuming assignments and provide feedback [4].

Against this backdrop, large language models (LLMs) have been widely used in the field of
automatic essay grading. Previous studies have shown that large language models such as GPT-5.2
can closely match the results of human graders, it has not yet been fully proven that they perform
equally well across all grading criteria. Therefore, a comprehensive psychometric assessment of the
essay assessment capabilities of large language models is one of the most pressing issues in
contemporary educational research. While many studies have shown that GPT-5.2 or other large
language models have a high level of agreement with human evaluation, several important gaps
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remain. First, most studies have considered only one large language model and have not compared
the evaluation results of multiple Al systems [4, 5, 6]. Moreover, there are very few empirical
studies in the EFL (English as a Foreign Language) context in Kazakhstan comparing GPT-5.2,
Gemini, and teacher assessments from a psychometric perspective [7, 8]. Therefore, the aim of this
study is to psychometrically compare the results of human raters, GPT-5.2, and Gemini assessments
on English essays, to determine their rating reliability, intercorrelation, rating differences, and the
construct validity of the rating rubric. In this regard, the objectives of the study are

To compare the descriptive indicators of the Teacher, GPT-5.2 and Gemini ratings.

To determine the reliability and construct validity of the rating rubric.

To assess the inter-rater agreement and differences from a psychometric perspective.

Overall, these research questions aim to comprehensively evaluate the psychometric
characteristics of GPT-5.2, Gemini, and teacher raters, and provide scientific evidence for the
reliable and valid use of generative artificial intelligence in grading English essays.

Literature review

In recent years, the potential of large language models (LLMs) for assessing written work has
been widely investigated. Garcia-Varela et al. [9] studied the stability and fairness of the GPT-5.2
system in assessing essays and showed that the results of the Al assessment directly depend on the
quality of the rubric used and the prompt structure. The results of the study showed that when
assessing with simple instructions, the grades were less stable, but when using a specific rubric,
assessment examples and a standardized assessment format, the assessment results were more stable
and consistent. The authors proposed methods such as decision tables, rubric normalization and
prompt engineering to improve the reliability of the assessment.

Moreover, Seller et al. [10] compared the results of GPT-3.5, GPT-4, o1, LLaMA, and Mixtral
models in assessing student essays in German with the ratings of 37 teachers. The study found that
while the closed models (especially 01 and GPT-4) showed high agreement with the teacher ratings,
the open models showed lower agreement. Furthermore, while the results of the models on
linguistic criteria were closer to the teachers, differences remained on the content criteria.

Karaceper and Kiray [11] investigated the ability of the ChatGPT-40 model to automatically
grade essays in English and found that it only showed fair agreement with human raters. The
authors concluded that although ChatGPT-40 was able to perform the grading quickly and
objectively, it did not fully account for complex linguistic features and pedagogical considerations,
and therefore could not fully replace human raters in high-stakes grading.

Wu et al. [12] found that an automated essay grading system based on GPT demonstrated high
scoring consistency compared to human raters. Using the Many-Facet Rasch Measurement
(MFRM) model, the authors showed that GPT grades, while having high internal consistency,
differed from human graders on more complex criteria such as content. They also suggested that
GPT could be used as a supplementary tool to enhance grading reliability, rather than as a complete
replacement for human grading.

Within the Kazakhstani context, research on Al-based development and evaluation of Unified
National Testing (UNT) items measurement was conducted by Abdrasilov et. al [8] that the most
Al-generated tasks were considered suitable after expert review To promote a human-in-the-loop
approach to educational evaluation, the authors stressed that expert validation was still crucial.

Yermaganbetova et al. [13] studied the effectiveness of an Al-integrated educational platform
in higher education and showed that artificial intelligence improved students’ academic
achievement, learning motivation, and self-regulated learning skills through automated assessment,
personalized feedback, and adaptive learning. In the study, GPT was used primarily for question
generation and formative feedback, while Gemini was used for rubric-based assessment of practical
work. The authors also noted that Al assessment should be viewed as a tool to support, rather than
completely replace, the teacher’s professional judgment.

A review of the literature shows that most previous studies have compared a single large
language model, such as GPT, with human raters. However, there is still a lack of research that
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compares multiple modern generative Al models, such as GPT-5.2 and Gemini, with teacher ratings
on the basis of psychometric performance simultaneously. Furthermore, inter-rater agreement,
internal reliability, and criterion-referenced differences in ratings have not been comprehensively
addressed.

Materials and research methods

This research employed a quantitative research design to compare human ratings with Large
Language Models (LMMs) such as Chat GPT 5.2 and Gemini. The study involved 55 ninth-grade
students from a comprehensive school in Almaty. Students' ages ranged from 15 to 16 years. The
study participants were assessed on their writing and presentation of an essay on a given topic. The
study used a convenience sampling method. Students completed an essay writing task entitled
"The Role of Education in Shaping a Successful Future. Students completed a minimum of 150 and
a maximum of 180 words essay on the assigned topic during a regular English writing lesson. The
written essay was then graded by the teacher using Chat GPT 5.2 and Gemini. The teacher was
unaware of Large Language Models’ grading during the grading process. Participants were assessed
according to four criteria: organization, vocabulary, grammar, task achievement. Each criterion was
scored on a five-point scale, resulting in a maximum total score of 20 points. All essays were
evaluated by three independent raters an experienced English teacher, GPT 5.2 and Gemini. All
anonymous essays were first gathered.
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Figure 1 - Workflow of essay evaluation and psychometric assessment procedure
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To ensure consistency across Al-based evaluations, the same prompt was used for GPT-5.2 and
Gemini. The complete prompt is provided in Appendicies A to D. The scores were then imported
into Excel and statistical analysis was calculated. Statistical analyses were conducted using Jamovi
(version 2.6.45.0). In order to summarize all essay scores descriptive statistics: mean and standard
deviation also Cronbach’s alpha and McDonald’s omega were calculated. Pearson correlation
coefficients were calculated to determine relationships among three raters. To examine the construct
validity of the writing assessment rubric, Confirmatory Factor Analysis (CFA) was conducted.

Ethical Considerations

Informed consent was obtained from all participants before the study was conducted. Since the
participants were school students, permission was also obtained from the school administration by
informing their parents. Participants were informed about the purpose of the study and were given
full information about their right to withdraw from participation at any time. Participants were
informed that their personal information would be kept anonymous and confidential throughout the
study.

Results and discussion

Table 1 - Descriptive Statistics of Essay Scores by Rater

Criterion Teacher M (SD) GPT-5.2 M (SD) Gemini M (SD)
Organisation 3.96 (1.03) 3.96 (0.97) 3.78 (1.31)
Vocabulary 3.78 (0.96) 4.17 (0.75) 3.59 (1.10)
Grammar 3.82 (0.96) 3.66 (0.69) 4.14 (0.64)
Content 3.95(1.02) 3.92 (1.22) 3.94 (0.66)
Total 15.50 (3.71) 15.60 (3.11) 15.40 (3.04)

Table 1 demonstrates the descriptive statistics of the three raters (teacher, GPT-5.2 and
Gemini). According to the results, the highest mean score for the vocabulary criterion was shown by
GPT-5.2 (M = 4.17, SD = 0.75). The highest mean score for the grammar section was observed in
Gemini (M = 4.14, SD = 0.64). The teacher’s ratings were relatively similar across the four
assessment criteria. As for the overall composite scores, the average results of the three raters were
very close to each other (teacher: M = 15.50; GPT-5.2: M = 15.60; Gemini: M = 15.40). These
results indicate that the mean scores of the raters did not differ significantly and that their
assessment processes were generally consistent.

Table 2 - Internal Consistency of the Essay Rating Rubric

Rater Cronbach's a McDonald's ®
Teacher 0.947 0.947
GPT-5.2 0.846 0.870
Gemini 0.825 0.857

The highest internal consistency was found in human ratings a = 0.947. This suggests that the
rubric performed very consistently in human scoring. In addition, GPT-5.2 also used the four
criteria consistently, with oo = 0.846. However, its internal consistency was lower than that of the
teacher. Additionally, Gemini demonstrated good reliability (Cronbach's a = 0.825). However, its
internal consistency is slightly lower compared to GPT and human rater.
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Variable 1 2 3
1. Teacher -
2. GPT-5.2 0.764*** -
3. Gemini 0.571*** 0.570*** -

Teacher vs GPT-5.2 Teacher vs Gemini
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Figure 2 - Correlation between teacher ratings and Al-generated essay scores (GPT-5.2
and Gemini)

Pearson correlation analysis was conducted to determine the relationship between human score,
GPT-5.2, and Gemini scores. The results revealed a strong positive correlation between teacher and
GPT-5.2 scores (r = .764, p < .001). This indicates that GPT-5.2 scores are highly correlated with
teacher scores. Meanwhile, there was a moderate positive correlation between teacher and Gemini
(r=.571, p <.001), as well as GPT-5.2 and Gemini (r = .570, p <.001). This indicates that Gemini
scores are somewhat consistent with teacher scores, but are less correlated than GPT-5.2.

Table 4 - Repeated Measures ANOVA Comparing Essay Scores Across Raters

Source SS df MS F p Partial n?
Rater 1.61 2 0.806 0.201 | .818 .004
Error 432.72 108 4.007 - - -

Note. SS = Sum of Squares; MS = Mean Square; Partial ? = partial eta squared

A Repeated Measures ANOVA was conducted to determine whether there was a statistically
significant difference between the total essay scores of the teacher, GPT-5.2, and Gemini raters. The
results of the analysis showed that there was no statistically significant difference between the mean
scores of the raters (F(2,108) = 0.201, p = .818, partial n2 = .004). This suggests that the total essay
scores of the teacher, GPT-5.2, and Gemini raters were very similar and that the type of rater did not
significantly affect the results. Overall, the results obtained indicate that the teacher, GPT-5.2, and
Gemini raters rated the essays at a similar level.
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Table 5 - Intraclass Correlation Coefficients (ICC) Between Human and Al Raters

Comparison ICC 95% CI F p
Teacher vs GPT-5.2 0.756 0.615-0.850 7.09 <.001
Teacher vs Gemini 0.563 0.351-0.720 3.54 <.001

In order to investigate inter-rater agreement Interclass Correlation Coefficients (ICC) were
calculated for the teacher GPT 5.2 and teacher Gemini comparisons. The results indicate that good
agreement between teacher and GPT 5.2 (ICC = .756, 95% CI [.615, .850], p < .001). However,
teacher and Gemini showed moderate agreement (ICC =.563, 95% CI [.351, .720], p <.001). These
findings suggest that GPT 5.2 can be more reliable tool for essay scoring.

Table 6 - Confirmatory Factor Analysis Results for the Writing Ability Construct

Indicator Standardized Loading (1) SE z p
Organisation 0.993 0.071 14.06 <.001
Vocabulary 0.803 0.064 12.52 <.001

Grammar 0.582 0.057 10.24 <.001

Content 0.695 0.070 9.88 <.001

Writing Ability

Organisation Vocabulary ‘ Grammar Content

A A A A

Figure 3 - Confirmatory Factor Analysis Model

Confirmatory Factor Analysis (CFA) results showed that the four criteria of the writing
assessment rubric (Organization, Vocabulary, Grammar, and Content) all measure a common latent
construct called “Writing Ability”. All factor loadings were statistically significant (p <.001), which
proves that these criteria make an important contribution to the assessment of writing ability.
Comparing the factor loadings, the Organization indicator had the highest loading (A = 0.993),
which means that it is the strongest indicator in describing writing ability. It was followed by
Vocabulary (A = 0.803) and Content (A = 0.695). The Grammar indicator showed the lowest factor
loading (A = 0.582), although its contribution was also statistically significant. In terms of model fit
indices, the values of CFI = 0.935 and SRMR = 0.043 indicated an acceptable fit of the model.
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However, TLI = 0.806 and RMSEA = 0.262 this result can be explained by the small sample size in
the study (N = 55) and the fact that the model consists of only four indicators.

Overall, the study showed that there was no statistically significant difference between the
mean scores of the three raters (p = .818). This suggests that GPT-5.2 and Gemini systems can
produce results close to the teacher’s overall grading level. The present findings are consistent with
those reported by SeRler et al. [10] and Wu et al. [12] that Large Language Models (LMMs) showed
the highest agreement with human raters and good internal consistency. This may be explained by
current large language models (LLMSs) can produce results that are close to those of teachers when
using an analytical assessment rubric.

Furthemore, Chat GPT demonstrated the highest vocabulary scores among all raters. According
to results GPT is good at recognizing lexical diversity and word selection, similar to the results
reported by Kasneci et al. [4], and Garcia-Varela et al. [9]. This may be attributed that rubric-guided
ChatGPT assessment can provide stable and consistent evaluations across analytic writing criteria.

Moreover, Gemini demonstrated higher scores in grammar. A plausible explanation is that large
language models are able to effectively learn grammatical structures and language patterns, they can
demonstrate high accuracy in detecting grammatical errors. This finding aligns with Mizumoto &
Eguchi [5] who reported that Chat GPT has superior ability to detect grammatical errors and assess
linguistic accuracy in assessing written work.

Internal consistency results also support this conclusion. Teacher ratings showed the highest
reliability (o = .947), while GPT-5.2 (a = .846) and Gemini (o = .825) both had reliability
coefficients above .80. This indicates that both Al systems were able to consistently use the
analytical rubric. These results are consistent with the findings of a literature review by Lo [6] and a
paper published by Kasneci and colleagues [4] These studies show that while modern large
language models are able to consistently apply assessment criteria, the professional judgment and
assessment stability of experienced teachers still remain at a high level.

The results align with previous research by Abdrasilov et. al [8] who investigated the use of Al
assisted Large Language Models for generating tasks for the Unified National Testing (UNT). The
research work focused on automatic generation of tasks and their psychometric quality rather than
essay scoring. Their findings support human-in-loop approach which is consistent with present
study that GPT provides teacher-like results and Al speeds up grading, but human judgment is
important because Al does not always fully understand the context. This can be explained by Large
Language Models (LMMs) cannot always correctly understand the creative nature of writing,
cultural context, or unique responses.

Limitations

First, the limited number of participants (N = 55) may have affected the CFA model. High
RMSEA in this study indicated that the single-factor model did not fully fit. This may be due
primarily to the small sample size and the use of only four indicators. Second, the essays were
collected from only one high school and only one task was included in the sample. Third, two large
language models, GPT 5.2 and Gemini, were used. Therefore, future studies should increase the
sample size and re-examine the structural validity of the model with broader comparison of Al-
assisted essay assessment.

Conclusion

Overall, the results of the study showed that GPT-5.2 and Gemini systems can perform
assessments that are close to human raters in grading English essays. In particular, GPT-5.2 showed
a high level of agreement with teacher ratings. However, it was shown that artificial intelligence
systems cannot fully replace the professional judgment of teachers in complex aspects such as
understanding students’ thinking, assessing creative features, and fully considering the contextual
meaning of the text.
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In conclusion it is appropriate to consider GPT-5.2 and other large language models not as a
substitute for teacher judgment, but as an additional support tool that increases the efficiency and
consistency of the assessment process.
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I'EHEPATUBTI ’)KACAH/AbI UHTEJJVIEKT AIAM 9CCECIH
BAFAJIAYHWIBIVIAPABI AIMACTBIPA AJIA MA? GPT-5.2, GEMINI 2KOHE MY¥TAJIIM
BATAJTAYJIAPBIHBIH IICUXOMETPUSAJIBIK CAJBICTBIPMAJIBI TAJIIAYbBI

OKymIsUIapabIH jka30a JKYMBICTApBIH Oarajiay MaHBI3IbI, ajlaiia Kol YaKBITTBI KaKeT €TETIH yIepic
Oonbin TaObLIAABL. YiKeH TUIHIK Monenbaep (LLM) skoHe reHepaTuBTI KacaHIbl HHTEIUICKT CallaChIHIAFbI
COHFBI JKETICTIKTEp MyFajiMmaepre sccenepii Oaranayaa Kojlay KepceTyre MYMKiHAIK OepeTiH oyeyeTTi
menrimaep yeeiHanel. by 3eprreyme GPT-5.2 sxome Gemini CHSAKTBI VIKEH TIAMIK MOAEIBIEP amam
OaranaybUIapbIMEH CaJIBICTHIPBUIBIN, OJAapAbIH CEHIMIUTI TCHXOMETPHSUIBIK TYPFbIIAH OarajlaH[bl.
Bapneirsl 55 3cce JKMHAKTaNbIN, TOPT KPUTEPUUACH TypaThlH Oaranay pyOpukacel Herizinge GPT-5.2,
Gemini sxome Toxipubenmi MyFaiiM TaparblHAaH OarajlaHabl. 3epTTEYMiH MaKCaThl — arbUIIIBIH TiTiHAET
accenepai amam OaramayribuiapbiabiH, GPT-5.2 sxonme Gemini mopenbaepiniy 0Oaranay HOTHKENEpiH
MICUXOMETPUSUIBIK TYPFBIIAH CANbICTHIPY, OJapAblH Oarajay CEeHIMILITiH, e3apa OalnaHbICHIH, Oaranayaarsl
alBIPMAIBUTBIKTAPBIH JKOHE Oarayiay pyOpHKAaChIHBIH KOHCTPYKTUIIK BJIMATLUICH aHbIKTay. HoTmkenep
GPT-5.2 ce3mik Kop KpuTepuili OOWMBIHIIA €H >KOFapbl ymaimapael, aqx Gemini rpamMMaThka KpUTepuiii
OolbIHIIIA €H XKOFaphl ynainapasl 6eprerin kepcerti. Kanme! anranga, GPT-5.2 myranim GaranaynapsiMeH
XKOFapbl JICHTEH/Ee COMKECTIK KOpCeTTi JKoHEe Jccelepii Oaranayaa CeHIMII KOCBIMINA Kypasl peTiHzae
naiananpTybl MyMKiH. JlereHMeH, KypJeni Ma3MyH MEH KOHTEKCTIK epeKIIeNiKTepil Oaranay Ke3iHze
MYFaTiMHIH KOCciOM MiKipi MaHBI3ABl OONBINT Kaja Oepemdi. AJBIHFAH HOTHXKENEP TEHEPATUBTI KACaHIbI
MHTEJUIEKTIHI aFbLIIIBIH TUTIH 1IeT Tt petinae okbity (EFL) KoHTekciHme accenepai GaranayablH THIMILTIT
MeEH Oipi3iIiriH apTTHIPaThIH KOCKIMIIIA KYpaJl PETIH/C MalalaHy/ IbIH OPBIH/IbI €KCHIH KOPCETE/I.

Tyiiin ce3mep: ynken timmik moxenbaep (LLM), GPT-5.2, Gemini, scceHi aBTOMaTTaHALIPHIIFAH
Oaranay, agaMIbIK Oaraiaylibl, ICHXOMETPHSUIBIK Oaranay, Oaranaymsiiap apacklHIaFbl KeliciM

9.Y. Cepikbaena, /I.M. AxknxkaHoBa

MOKET JIU TEHEPATUBHBIA UICKYCCTBEHHBIA HHTEJUIEKT 3AMEHHUTD
SKCHEPTOB-ONEHIIMKOB 3CCE? ICUXOMETPUYECKOE CPABHEHHE
OLEHOK GPT-5.2, GEMINI 1 IPEIIOJJABATEJIEN

OueHnBaHNE NHCHBMEHHBIX pabOT ydYamuxcs SBISETCS BaKHBIM, HO B TO JK€ BpeMs TPYIOEMKHM
nporieccoM. bonpmme sa3pikoBbie Momenu (BSAM) m nmpyrue coBpeMEHHBIE OCTIDKCHHS B 00JIacTH
TEeHEPaTUBHOTO MCKYCCTBEHHOTO MHTEIUIEKTA IpellaraloT MOTEHUUAIbHBIE PpEIIeHUs Uil OKa3aHWUs
MOJACPKKM YUHUTENISIM TIPH OLICHUBAaHUM 3cce. B MaHHOM HCCleIOBaHWM MPOBOIUTCS MCHUXOMETPUYECKas
olleHKa OOIBIINX A3BIKOBBIX Mojeneid, Takux kKak GPT-5.2 u Gemini, B cpaBHEeHMH C OSKCIIepTaMH-
OLICHIIMKAMH C LENbI0 OmpeleseHus] Haa&KHOCTH AaHHBIX pemieHuid. Bcero Owuto cobGpano 55 scce,
KoTopble ObuH orieHeHbl GPT-5.2, Gemini 1 ONBITHBIM YYUTENEM C MCIOJIb30BAaHUEM OILIEHOYHOW PYOPHKH,
BKITIOYAIONIECH deThlpe Kpurepws. lLledab TaHHOTO WCCIENOBaHUS 3aKIOYAETCs B IICUXOMETPHYECKOM
CpaBHEHHH pe3yJIbTaTOB OICHMBAHMS AHTIIMICKUX 3CCe IKcrepramu-oneHmmkamu, GPT-5.2 u Gemini, a
TaKXe B ONpe/eIeHNH HaJEKHOCTH OLECHUBAHUS, B3aUMOCBSI3M MEXIY OLICHKaMH, pa3iINylii B OLIEHUBAHUU
U KOHCTPYKTHOH BaJMIHOCTH OLEHOYHOW pyOpuku. Pesynprartel mokasamu, yto GPT-5.2 npucsauBan
HanboJiee BBICOKHE Oaslibl 0 KpuTepuio «Jlekcuka», B To BpeMsi kak Gemini meMoHCTpupoBain Hanbosiee
BBICOKME TIOKa3zaTenu Mo kpurepuio «l'pammaruka». B nemom GPT-5.2 mokasan BBICOKUH ypOBEHB
COTJIACOBAaHHOCTH C OLCHKAMH YyYUTEIsl M MOXKET HCIHONb30BaTbcd B  KAuyecTBE HAIEKHOTO
BCIIOMOTATEIbHOTO MHCTPYMEHTA NPU OLEHMBAHHMU 3cce. OnHAaKo Mpo(ecCHOHANIBHOE CY)XKICHUE YUUTEI
OCTaeTCsl BAXHBIM IIPU OLCHWBAHHWU CIIOKHOTO COJACP)KAHMA U KOHTEKCTYaJIbHBIX OCOOCHHOCTEH.
[lonmy4yeHHble  pe3ynbTaThl  MOATBEPXKIAIOT  LIEIECOOOPa3HOCTb  WCIONB30BAaHHA  T'C€HEPATUBHOTO
HCKYCCTBEHHOT'O MHTEJUIEKTA B KAYECTBE BCIIOMOTaTEIbHOI'O HHCTPYMEHTA JUISI TOBBIIIEHHS 3P EKTHBHOCTH
W COTJIACOBAHHOCTH OIIGHUBAHHS 3CCE B KOHTEKCTE IPEIoIaBaHMs aHTIHICKOTO sI3bIKa KaK HHOCTPAaHHOTO
(EFL).

KiroueBble ci10oBa: aBTOMAaTU3MPOBAaHHOE OLIGHMBaHME 3cce, Ooiblue s3bikoBbie Monenu (BAM),
GPT-5.2, Gemini, akcriepT-OIeHIIMK, OIEHUBAHNE, ICHXOMETPHYUECKAs OIICHKA.
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APPENDICES
Appendix A. Student Essay Writing Task
Essay Topic: The Role of Education in Shaping a Successful Future
Instructions
e Word limit: 150-180 words
o Introduction (30—40 words)
e Body paragraph 1 (45-55 words)
e Body paragraph 2 (45-55 words)
e Conclusion (20-30 words)
Prompt Used for GPT-5.2 and Gemini
The following prompt was used identically for GPT-5.2 and Gemini to ensure consistency across
Al-based evaluations.
You are an experienced EFL writing examiner. Evaluate the following student essay using the analytic
writing rubric below.
Criteria:
1. Organization (1-5)
2. Vocabulary (1-5)
3. Grammar (1-5)
4. Task Achievement (1-5)

Instructions:

* Read the essay carefully.

« Assign a score from 1 to 5 for each criterion.

« Calculate the total score out of 20.

* Provide brief rubric-based feedback for each criterion.

« Do not rewrite or correct the essay.

« Evaluate each essay independently without considering previous responses.

Appendix B. Example of Teacher Assessment

Criterion Score
Organization 35
Vocabulary 3.5
Grammar 3.0
Task Achievement 45
Total 14.5/20
Appendix C. Example of GPT-5.2 Evaluation
Criterion Score Feedback

Organization 4.0 Clear overall structure with an introduction, body
paragraphs, and a conclusion. Some transitions could be
improved.

Vocabulary 35 Appropriate vocabulary, although several collocations
are unnatural and some repetition occurs.

Grammar 3.0 Frequent grammatical errors, particularly subject—verb
agreement and article usage, reduce accuracy.

Task Achievement 35 The topic is addressed, but the essay is below the
required word limit and ideas could be developed
further.

Total 14.0/20
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Appendix D. Example of Gemini Evaluation

Criterion Score Feedback

Organization 35 The essay follows the required structure, but
paragraphing and logical flow can be strengthened.

Vocabulary 35 A sufficient range of vocabulary is demonstrated,
although spelling and word-choice errors are present.

Grammar 3.0 Several grammatical inaccuracies affect fluency and
overall language accuracy.

Task Achievement 45 The response addresses the task effectively with relevant
ideas and an appropriate example, although the
conclusion is rather brief.

Total 14.5/20
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