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Abstract  Large  language  models  (LLMs)  are  increas-
ingly  used  to  grade  written  responses,  yet  large-scale
benchmarks  against  human  expert  evaluation  remain
scarce, especially across languages with differing resource
levels.  This  study  evaluates  ChatGPT-4o  using  a
reranked  retrieval-augmented  generation  framework  to
grade Finland’s national high-stakes matriculation exam-
ination  based  on  1,016  students’ open-ended  responses.
We  examined  GPT-4o’s  agreement  with  official  grades,
its  recognition  of  grading-relevant  keywords,  and  the
effect  of  translated  responses  from  a  low-resource
language (Finnish) into a high-resource language (HRL)
(English).  Using  descriptive  statistics  and  correlation
analyses,  the  results  show  that  GPT-4o’s  grades  on  a
0–15  scale  closely  matched  human  expert  evaluations;
75.00% of scores were within ±2 points of official grades,
with  only  3.00% being  severe  outliers.  The  translated
responses  into  English  improved  this  alignment  to
85.00%.  While  the  model  generally  identified  relevant
keywords  effectively,  occasional  misinterpretations  of
contextual  usage  reduced  grading  reliability  in  a  few
cases.  Overall,  the  findings  demonstrate  both  the
promising and current limitations of  LLM-based assess-
ment.  There  is  a  significant  potential  to  use  LLMs  as
supplementary  grading  tools,  particularly  in  HRLs,  but
they  do  not  yet  match  the  consistency  or  interpretative
depth  of  human  expert  evaluators.  The  study  illustrates
the  need  for  human  oversight,  rigorous  validation,  and
careful consideration of language effects when deploying
LLMs in high-stakes educational assessments.
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 1   Introduction

Grading  student  essays  and  open-ended  examination
responses  has  long  posed  a  challenge  for  education
systems,  as  the  process  is  time-consuming,  burdens
teachers  and  institutions,  may  vary  across  evaluators,
and  is  prone  to  bias.  In  the  mid-2020s,  generative  AI
(GenAI) and large language models (LLMs) emerged as
potential  tools  to  address  these  challenges,  increasing
attention for their ability to streamline and scale assess-
ments.  The  prospect  that  LLMs,  such  as  GPT,  could
revolutionize  educational  assessment  has  generated
much  interest  (Bewersdorff  et  al.,  2023; Jauhiainen  &
Garagorry  Guerra,  2024; Jauhiainen  &  Garagorry
Guerra,  2025b; Jauhiainen et  al.,  2026; Jukiewicz,  2024;
Su  &  Yang,  2023).  However,  automatic  essay  scoring
(AES),  particularly  in  high-stakes  examinations,
remains one of the most challenging problems in natu-
ral language processing (Beseiso & Alzahrani, 2020).

LLMs  promise  speed,  consistency,  and  impar-
tiality.  They  offer  a  relief  from  heavy  grading  work-
loads  while  improving  the  efficiency  of  formative  and
summative  assessments  (Bui  &  Barrot,  2025; Fütterer
et  al.,  2023; Hackl  et  al.,  2023; Henkel  et  al.,  2024;
Jukiewicz,  2024; Mao  et  al.,  2024; Pinto  et  al.,  2023).
LLMs  demonstrate  accuracy,  fairness,  and  adaptability
comparable to, or exceeding, that of human expert eval-
uators.  In  addition  to  the  automatic  grading,  LLMs
ensure reliability  across  large cohorts  of  students  with-
out  amplifying  inequities  or  biases.  However,  chal-
lenges remain. LLMs continue to struggle with complex
reasoning  tasks  and  require  careful  oversights
(Bewersdorff  et  al.,  2023).  Teachers  and  students  also
have  misconceptions  and  concerns  about  AI
(Bewersdorff  et  al.,  2023).  Moreover,  most  existing
studies  rely  on  small-scale  experiments  (Bui  &  Barrot,
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2025; Mao  et  al.,  2024),  which  indicates  the  need  for
large-scale  evaluative  assessments  with  LLMs  covering
large cohorts of students to assess their true capacity in
high-stakes educational contexts.

Real-world  LLMs  applications  in  educational
assessments  for  non-English,  low-resource  languages
(LRLs) remain insufficiently documented and analyzed.
A  primary  constraint  concerns  data.  Foundational
models,  such  as  GPT,  are  trained  predominantly  on
high-resource  languages  (HRLs),  which  limits  perfor-
mance  and validity  when evaluating  work produced in
other  languages  or  based  on  materials  in  other
languages.  These  models  underrepresent  perspectives
from  LRL  communities,  as  they  have  not  been  trained
on  such  data.  Ethical  and  practical  issues  further
complicate  the  adoption.  Data  privacy  and governance
are  unresolved,  including the  risk  that  assessment  data
could  be  repurposed  to  train  models  without  consent.
Baseline  mistrust  persists  due  to  hallucinations,  as
incorrect  outputs  can  undermine  reliable  scoring  and
feedback,  particularly  when  hallucinations  cannot  be
systematically  recognized  and  eliminated  during  the
evaluation  process  (Huang  et  al.,  2023; Jauhiainen  &
Garagorry  Guerra,  2025b; Nazaretsky  et  al.,  2022;
Ouyang et  al.,  2024).  Because  LLMs are  trained largely
on  Internet  texts,  they  may  reproduce  social  biases
(such  as  racism,  sexism,  and  ethnocentrism).  Substan-
tial  energy  demands  raise  sustainability-related  ques-
tions  and motivate  calls  for “greener” LLMs (Stojkovic
et  al.,  2024).  Digital  divides,  such  as  unequal  access  to
devices,  internet  connectivity,  and  institutional  capac-
ity,  limit  equitable  uptake  and  risk,  widening  educa-
tional  inequalities  (Lee  &  Cha,  2024; Lee  et  al.,  2024).
While these challenges are significant, LLM technology
and  its  safeguards  are  evolving  rapidly,  and  mitigation
strategies  are  improving  over  time.  Meanwhile,  robust
evidence for LRL assessment contexts is still emerging.

One example of  a  high-stakes examination is  a
national  matriculation  examination  that  differentiates
higher-performance  students  from  their  peers.  Such
examinations  assess  the  mastery  of  curriculum  across
an  entire  cohort  of  students,  and  the  results  greatly
influence  students’ academic  and  career  trajectories.
However,  the  task  of  assessing  open-ended  responses
from hundreds of thousands of upper secondary-school
students  annually  is  highly  labor-intensive  and  time-
consuming.  Stringent  quality-control  measures  are
required to ensure consistent grading standards among
a  large  number  of  human  expert  evaluators.  Grading
fatigue and the influence of personal biases, preferences,
and preconceived notions can sometimes affect human
scoring  results  (Barrot,  2024; Palermo,  2022).  As  a
response  to  these  challenges  and  due  to  a  shortage  of
teaching resources,  some countries  (such as  China,  the
United States, and India), are opting for multiple-choice
tests,  which  are  simpler  to  score  automatically.  The

disadvantage  is  that  these  tests  fail  to  assess  the  wide
spectrum  of  skills  that  essay  writing  can  demonstrate
(Ramesh & Sanambudi, 2022).

This  study  investigates  the  use  of  GPT-4o  in
chat-version  for  high-stakes  educational  assessment  by
evaluating  its  ability  to  grade  large  volumes  of  open-
ended student responses. GPT-4o was selected as one of
the  most  advanced  and  widely  deployed  LLMs  at  the
time  of  the  study.  We  examine  how  closely  GPT-4o’s
scoring  agrees  with  human  expert  evaluation,  how
consistent the model is as a grader, and whether perfor-
mance  differs  between  HRLs  and  LRLs.  While  tradi-
tional  grading  of  such  responses  requires  weeks  of
human expert  labor  and substantial  costs,  GPT-4o  can
complete the same task within a single day.  This raises
the question of whether LLM-based assessment can reli-
ably supplement or partially even replace human expert
evaluators.

The  case  study  draws  on  Finland’s  high-stakes
national  matriculation  examination,  a  compulsory
high-stakes examination taken after 12 years of school-
ing.  We  analyze  responses  to  one  geography  examina-
tion question,  requiring students  to describe 3 types of
rainfall,  their  geographic  distribution,  and  rainfall
formation  processes.  The  task  involves  concise,  essay-
style  answers  (typically  100–200  words)  that  assess
students’ understanding rather than advanced expertise.
Such  tasks  are  common  in  the  social  sciences  and
humanities  disciplines,  as  well  as  in  other  disciplines.
The  dataset  comprises  all  1,016  Finnish  responses
submitted  in  the  autumn  2023  examination  session,
providing a complete national cohort and a challenging
test case because Finnish is an LRL for LLMs.

The  study  addresses  3  research  questions:
(1)  How  do  GPT-4o’s  grades  compare  with  those
produced  by  a  systematic  human  evaluation  process?
(2)  How  effectively  does  the  model  identify  grading-
relevant  keywords  in  students’ responses?  (3)  Does
translating  responses  from  LRL  (Finnish)  to  HRL
(English) improve LLM-based assessment outcomes?

Methodologically,  the  study  discusses  and
builds  on  prior  work  in  automated  scoring  and  intro-
duces  2  reliability  enhancements  in  the  LLM-based
context:  a  retrieval-augmented  generation  (RAG)
framework  and  a  5-shot  evaluation.  The  results  show
that GPT-4o closely approximates human expert evalu-
ation. An important point is that, translating responses
from LRL (Finnish) to HRL (English) improved agree-
ment,  with  the  percentage  of  alignment  with  official
scores  rising  from  75.00% to  85.00% within  ±2  points
on a 16-point scale. GPT-4o and human expert evalua-
tors also largely agreed on key content elements, though
the  model  occasionally  exhibited  narrower  keyword
coverage  and  minor  misinterpretations.  The  study
concludes  by  outlining  the  feasibility  and  limits  of
LLM-based  assessment  in  high-stakes  contexts  as  well

2 Jussi S. Jauhiainen & Agustín Garagorry Guerra. Evaluating Open-Ended High-Stakes Examinations with LLMs



as  directions  for  future  research  on  scalable,  multilin-
gual educational assessments.

 2   Automated Educational Evaluation
and the Emergence of GenAI

The  LLM-based  assessment  of  students’ responses  and
essays  has  become  a  widely  discussed  and  practiced
topic  in  the  mid-2020s.  However,  the  automation  of
students’ performance  evaluation  and  feedback  has
been a focus in educational technology for decades. The
need  to  streamline  the  time-consuming  tasks  of  grad-
ing students’ written responses generated early innova-
tions  in  AES,  as  noted  in  the  related  overviews  and
discussions (Barrot, 2024; Beseiso & Alzaharni, 2020).

 2.1 |    Early Development of AES in
Educational Assessment

The  origins  of  AES  can  be  traced  back  to  the  1960s,
when  Professor  Ellis  Batten  Page  pioneered  the  use  of
technology to evaluate essays based on the quantifiable
text  features,  such  as  word  count  and  sentence  length,
through  systems  such  as  Project  Essay  Grade.  These
early  systems  used  simple  linear  regression  to  mimic
human  expert  scoring,  but  were  limited  to  superficial
textual analysis due to the computational constraints of
the  time  (Page,  2003).  The  1990s  marked  a  significant
evolution  in  AES  with  the  introduction  of  Intelligent
Essay Assessor (IEA) by Professor Peter Foltz’s research
team.  IEA  moved  past  surface  analysis  by  employing
latent  semantic  analysis  to  assess  the  semantic  content
of essays, thus enhancing the evaluation of content rele-
vance and coherence (Foltz et al., 1999; Landauer et al.,
1998).

Subsequent  developments  integrated  machine
learning  technologies,  such  as  bidirectional  encoder
representation  from  transformers,  which  considers  the
context  of  words  within  text  and  allows  for  more
refined analyses of essay content, structure, and seman-
tics.  Nevertheless,  Singla  et  al.  (2023)  argued  that  they
behaved  like  bag-of-words  models.  Biases  in  training
datasets  could  skew these  models’ sensitivity  to  certain
widely  used  words,  which  impacts  their  grading  accu-
racy (Beseiso & Alzaharni, 2020; Ramesh & Sanambudi,
2022).  Further  refinements  in  AES  employed  models
such  as  random  forest,  which  analyzed  complex
features, such as word choice and sentence complexity,
to  provide  detailed  evaluations.  This  approach
improved grading accuracy and supported educators by
streamlining  the  evaluation  process,  thus  freeing  up
time  for  personalized  teaching  (Lee  et  al.,  2024).
However,  challenges,  such  as  domain  specificity,  indi-
cates  the  need  for  careful  training  data  selection  to

avoid  biases  that  could  affect  grading  fairness  (Leech
et al., 2024).

 2.2 |    LLMs in Educational Evaluation
and Related Challenges

The latest advancements in educational evaluation tech-
nologies for AES employ LLMs, which uses deep learn-
ing to process and generate texts. These models, trained
on  vast  datasets,  excel  in  evaluating  open-ended
responses  holistically,  considering  the  context,  tone,
and  intent  of  students’ written  responses.  LLMs  adapt
to  various  writing  styles  and  subjects  for  tailored
suggestions  (Mao  et  al.,  2024).  This  flexibility,  due  to
their access to extensive and diverse training materials,
is a significant advancement over older systems, such as
AES  and  IEA.  These  capabilities  allow  LLMs  to  be
highly  adaptable  across  different  educational  settings
assisting  tailored  suggestions  in  evaluating  students’
open-ended  responses.  More  advanced  LLMs  can
handle  different  evaluation  systems  and  guidelines
without  extra  training,  which  makes  LLMs  promising
educational  technology  tools  for  evaluation  (Jukiewicz,
2024; Pinto et al., 2023).

On the one hand, LLMs represent a continuity
of long-standing educational technology goals, but they
bring  new  opportunities  for  enhancing  educational
processes  with  deeper  semantic  understanding  and
richer  feedback.  On  the  other  hand,  LLMs  raise  old
concerns,  such  as  bias,  fairness,  and  validity,  which
must  be  addressed  to  responsibly  integrate  LLMs  into
high-stakes  educational  settings.  LLMs  often  reflect
biases  in  the  data  training  process,  favoring  dominant
languages,  cultural  norms,  and  standard  writing  styles,
which disadvantages students from diverse linguistic or
socioeconomic backgrounds. The performance of LLMs
varies  across  languages,  which  potentially  reinforces
educational inequalities, and they may privilege fluency
or  keyword  presence  over  genuine  conceptual  under-
standing.  Moreover,  limited  transparency  and  occa-
sional  misinterpretation  of  context  undermine  the
validity  and  contestability,  which  makes  fully  auto-
mated LLM-based assessment still  challenging in high-
stakes educational assessments (Bewersdorff et al., 2023;
Hackl  et  al.,  2023; Henkel  et  al.,  2024; Jukiewicz,  2024;
Zhai, 2025).

Carefully  designed  prompts  are  important  for
successful  LLM-based  assessments  in  education.
Research  indicates  that  the  effectiveness  of  LLMs
depends  on  domain-specific  knowledge,  the  type  of
scoring  systems  used,  and  factors,  such  as  model
parameters and prompt clarity (Bewersdorff et al., 2023;
Hackl et al.,  2023; Henkel et al.,  2024; Mao et al.,  2024;
Jukiewicz,  2024; Scarlatos  et  al.,  2024; Zhai,  2025).
Detailed  and  well-structured  prompts  generally  yield
better  performance  by  guiding  LLMs  through  the
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complexities  of  the  tasks  set  to  perform  (Avnat  et  al.,
2024; Cain,  2024; Hackl  et  al.,  2023).  When  LLMs  are
applied  to  subject-specific  areas,  domain-specific
prompts  can  further  improve  grading  accuracy  (Hu  &
Zhou,  2024; Jauhiainen  &  Garagorry  Guerra,  2024).
However, prompt variation can generate divergent eval-
uation results (Mao et al., 2024).

While LLMs offer significant potential for AES,
they  face  the  following  3  unresolved  issues:  (1)  the
opacity of LLMs’ decision-making processes; (2) teach-
ers’ inadequate  skills  to  use  LLMs;  and  (3)  challenges
related  to  the  reproducibility  of  research  on  using  and
evaluating  LLMs  in  educational  assessments.  These  all
make  it  difficult  to  validate  benchmarks  (Leech  et  al.,
2024).

Regarding  LLMs’ transparency  and  opacity  in
educational assessments, ensuring transparency is vital,
as it  builds trust among educators and facilitates adop-
tion (Conijn et al., 2023). A lack of transparency regard-
ing  how  these  models  function  can  lead  to  distrust,
which  hinders  the  integration  into  educational
processes  (Lee  &  Cha,  2024; Qin  et  al.,  2020).
Nazarevksy  et  al.  (2022)  argued  that  explaining  how
these systems make decisions and how they can support
rather  than replace  teachers  can alleviate  concerns  and
build  trust  in  AI  educational  technology.  This  helps
clarify  the  benefits  of  AI  tools  and  reduces  potential
resistance to their use. This has led to calls for explain-
able AI, which seeks to make AI decisions interpretable
by clarifying how and why a model produces a particu-
lar outcome. It aims to increase transparency, trust, and
accountability  in  AI  systems,  as  well  as  in  educational
assessments  (Dwivedi  et  al.,  2023).  Studies,  such  as
those by Mao et al. (2024), point out that LLMs, despite
their  advanced  capabilities,  often  show  variability  in
their  outputs,  especially  when  they  are  not  properly
calibrated with consistent prompts and settings.

Regarding teachers’ skills in LLM-based assess-
ments,  teachers’ characteristics  (such  as  knowledge
level)  and  specific  needs  for  explanations  significantly
influence  the  acceptance  of  AI  advice  (Su  &  Yang,
2023).  A limited understanding of  how LLMs function
may slow their adoption in education. Moreover, teach-
ers’ skills  in  operating  these  models  are  important  in
achieving  accurate  results.  In  the  realm  of  educational
technology,  the  deployment  of  LLMs  also  raises
concerns  about  security,  transparency,  and  the  ethical
use  of  AI.  However,  von  Eschenbach  (2021)  and
Ouyang  et  al.  (2024)  noted  that  a  limited  understand-
ing  about  these  processes  can  lead  to  skepticism  and
algorithm  aversion,  whereby  people  distrust  and  resist
algorithmic  decisions.  Nevertheless,  wide  access  to
LLMs  encourages  many  educators  to  integrate  these
tools into pedagogical settings.

In  terms  of  the  capacity  of  models,  such  as
ChatGPT, a generative pretrained transformer in a chat

version,  for  educational  evaluation,  Bui  and  Barrot
(2025)  reported  scoring  discrepancies  between
ChatGPT  and  human  expert  evaluators.  These  scoring
discrepancies  stemmed  from  limitations  in  ChatGPT’s
algorithm,  which  may  not  fully  capture  complex  writ-
ing  elements,  such  as  style  and  creativity.  Such  chal-
lenges can lead to different interpretations and applica-
tions  of  scoring  criteria.  The  model’s  training  data
might  not  comprehensively  represent  diverse  writing
qualities,  or  it  could  contain  biases  affecting  grading
accuracy.  In  addition,  while  GPT  models  can  simulta-
neously identify multiple errors in evaluated texts, their
strictness in error detection might result in lower scores
compared  to  human  expert  evaluators,  who  might  be
more  lenient  with  more  holistically  judge  the  texts.  In
their  test,  Bui  and  Barrot  (2025)  concluded  that
ChatGPT failed to match the rating ability of an experi-
enced  human  expert  evaluators;  however,  in  the  test,
they  utilized  GPT-3.5,  which  is  substantially  weaker
than  GPT-4o  used  in  this  study,  not  to  mention
GPT-5.2  launched  in  2025.  In  contrast,  Jukiewicz
(2024)  found  a  strong  positive  correlation  between
GPT-3.5-Turbo  and  human  expert  evaluators  which
suggested consistency and repeatability in grading. The
growing  consistent  accuracy  of  LLMs  in  evaluation
tasks  also  raises  questions  about  variability  in
human-based  assessment  (Jauhiainen  et  al.,  2026).
Given the rapid pace of LLM development, results from
the earlier  LLM versions quickly  become outdated and
need to be interpreted with caution. Model drift further
complicates the longitudinal consistency and compara-
bility of evaluation outcomes.

 3   Materials and Methods

 3.1 |    Materials

This  study  quantitatively  examines  1,016  written
responses from Finland’s national high-stakes matricu-
lation  examination  in  geography.  Of  2,515  registered
students, 2,372 sat the examination and responded to 9
questions  (Matriculation  Examination  Board,  2024).
One question—on the description on 3 rainfall types—
was  selected  for  analysis.  A  total  of  1,016  students
answered the question in Finnish.

The data, obtained from the National Matricu-
lation  Board  (research  permit  number  OPH-6154-
2023), consisted of students’ written responses from the
Finnish upper secondary school matriculation examina-
tion in geography in autumn 2023. The dataset was fully
anonymized,  only  containing students’ written respon-
ses and their corresponding grades (0–15), without any
information  on  respondents,  schools,  or  evaluation
processes.

The  question  analyzed  asked  students  to
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“Describe  all  3  types  of  precipitation  and  name  one
occurrence characteristic for each type.” This topic was
covered  in  one  chapter  of  the  second  textbook  for  the
second geography course of the curriculum, which was
not  mandatory.  Typically,  the  students  who  chose  to
answer  this  question  were  strong  interested  in  geogra-
phy and well prepared for the topic.

Students were assessed by human expert evalu-
ators on their open-ended responses, with the potential
to  earn  15  points.  The  official  grading  allowed  for  5
points per rainfall type, allocated as follows: 1 point for
correct naming, 1−3 points for formation explanations,
and  1  point  for  accurately  identifying  a  characteristic
geographical area. The average response length was 170
words (1,247 characters, without space), with a median
of  159  words  (1,162  characters,  without  space).  The
average  grade  was  9.2  (median  10).  The  lowest  20%
scored  6  or  below,  while  the  highest  20% scored  13  or
above.

Finland’s  high-stakes  national  matriculation
examination in geography involves a multistage evalua-
tion  process  to  ensure  accuracy,  consistency,  and  fair-
ness.  Geography  is  an  optional  component  of  the
compulsory  matriculation  examination  (Act  on  the
matriculation examination 502/2019), taken in the final
year  of  upper  secondary  school  at  around  age  of  19.
Students  interested  in  geography  generally  complete  1
to  4  courses,  equivalent  to  2  to  8  academic  credits,
which  covers  the  extensive  topics  in  physical  and
human  geography  and  related  methodologies  (Finlex,
2019; Finnish National Agency for Education, 2019).

In  the  pre-evaluation  stage,  examination  ques-
tions  and  preliminary  evaluation  guidelines  are  devel-
oped  collaboratively  by  geography  specialists  and
nationally  recognized  experts  from  various  academic
fields.  These guidelines help standardize the evaluation
process.

In  the  evaluation  stage,  teachers  conduct  the
preliminary  assessment  using  official  guidelines.  The
final evaluation is carried out anonymously by a team of
qualified  human  expert  evaluators,  referred  to  as
censors,  who may include  the  question developers  and
other  experienced  geography  educators.  However,
current  geography  teachers  are  excluded  to  preserve
impartiality.  A  chairperson  of  the  team  is  responsible
for  maintaining  quality  assurance  standards.  This
multistage  process  aims  to  ensure  the  highest  possible
quality reachable with human expert evaluators.

In the post-evaluation stage, following the final
evaluations,  students  have  an  option  to  request  a
recheck  of  their  grades  if  they  believe  an  error  has
occurred.  This  request  initiates  a  review by 2 impartial
censors who verify and, if necessary, amend the grades.
This  multistage  evaluation  process  ensures  that  the
grading  is  equitable  and  adheres  strictly  to  the  estab-
lished  standards.  However,  it  requires  a  lot  of  labor,

time, and financial resources, and this is becoming less
feasible to achieve.

 3.2 |    Methods to Set GPT-4o to
Evaluate Students’ Open-Ended
Written Responses

We  compared  GPT-4o’s  grades  with  those  of  humans,
analyzed  keyword-based  grading  behavior,  and  tested
the  effect  of  translating  responses  from  LRL  (Finnish)
to  HRL  (English).  The  evaluation  of  1,016  students’
written responses followed a 5-step pipeline for prepar-
ing  and  executing  the  evaluation:  learning  material
input,  examination  question  input,  evaluation  instruc-
tion input, response input and verification, and evalua-
tion execution.  We also conducted the analysis  using a
3-step  pipeline:  grade  comparison  analysis,  outlier
keyword analysis, and language impact analysis.

First,  learning  materials,  examination  ques-
tions,  official  grading  guidelines,  and  students’ written
responses  were  provided  to  the  model.  The  written
responses were evaluated using GPT-4o via application
programming  interface,  with  the  parameter  tempera-
ture  set  to  0.0  to  minimize  output  variability  (Hackl
et  al.,  2023; Jauhiainen  &  Garagorry  Guerra,  2025a).
The workflow was implemented in Python using agents,
like  LangChain  and  pandas,  for  data  preprocessing,
prompt  construction,  and  result  aggregation.  To
improve  the  consistency  and  reasoning  quality,  we
employed  step-by-step  (chain-of-thought)  prompting
(Cain,  2024; Chen  et  al.,  2023; Lee  et  al.,  2024; Wei
et  al.,  2023; Yao  et  al.,  2023).  Prompts  specified  the
examination  context,  required  the  exact  recall  of
student  responses,  and  instructed  the  model  to  assign
scores on a 0–15 scale based solely on the official evalu-
ation guidelines and the designated textbook materials.

Second,  the  evaluation  employed  a  reranked-
RAG  approach,  an  open-book  method  in  which  rele-
vant documents are retrieved and re-ranked to support
more  accurate  LLM-based  assessments  despite  input
length limitations (Glass et al., 2022; Yu et al., 2024). As
learning  materials,  evaluation  guidelines,  and  students’
written  responses  were  often  lengthy,  the  corpus  (1.27
million characters,  without space) was split into coher-
ent,  overlapping  chunks—paragraph-sized  text  pieces
sized to capture complete ideas while fitting within the
model’s  input  constraints.  The  light  overlap  between
chunks  ensured  that  key  ideas  were  not  cut  at  their
boundaries.  Chunks  serve  a  single  purpose:  to  make
specific  examination-related  textbook  passages  easy  to
find  for  LLMs  and  to  require  LLMs  to  justify  grades
with those specific passages. This chunk allows GPT-4o
to  efficiently  retrieve  and  ground  grading  decisions  in
specific approved textbook passages rather than relying
on  their  training  data.  This  approach  improves
accuracy,  reduces  token  uses  and  costs,  prevents
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hallucinations  by  limiting  irrelevant  input,  and  avoids
LLMs  overload  or  forced  processing  of  mixed-content
sections that degrade grading quality.

Third,  for  each  student’s  written  response,  we
compared  vector  embeddings  and  evaluation  context
against  all  chunk  embeddings  to  retrieve  the  top  5
chunks  with  the  highest  similarity  to  student’s  written
response.  These  were  organized  by  sending  the  most
relevant chunks towards the edges of the context mate-
rial  to  prevent  important  knowledge  loss.  These  top
chunks,  containing  the  most  pertinent  textbook
passages  and  rubric  elements,  were  provided  to  LLMs
alongside  students’ written  responses,  ensuring  that
grading was precisely grounded in key source materials
and supported by clear evidence-based reasoning.

Fourth,  to ensure that  the model  assessed each
student’s  written  response  exactly,  we  implemented  a
5-step  pipeline.  Despite  using  a  deterministic  setting
(parameter  temperature  =  0.0),  minor  variations  still
occur depending on the model utilized. Multiple passes
mitigated random errors  or  hallucinations from 1-shot
evaluations,  ensured  accurate  recall  of  each  response,
and substantially improved grading reliability.

Fifth,  to  ensure  the  consistency  of  the  evalua-
tion results, the model evaluated each response 5 times.
This  guaranteed  the  reliability  of  the  results  in  this
complex  educational  evaluation  context  despite  the
increased  computational  costs  and  total  processing
time.  When  the  5  times  (shot  results)  converged,  we
treated  the  model’s  evaluation  results  as  stable.  In  the
case  of  minor  discrepancies,  we  adopted  the  most
frequent  evaluation  grade  outcome  as  the  grade
suggested  by  the  model.  Although  this  approach
increased  computational  costs  and  total  processing
time,  it  fundamentally  improved  confidence  in  the
LLM-based  assessment  results,  which  is  essential  in  all
educational  contexts.  This  structured  methodology
ensured  that  every  aspect  of  the  students’ written

responses  was  accurately  assessed,  mirroring  a  well-
executed  human  expert  evaluation.  Together,  these
methodological  choices  provided a  secure,  transparent,
and  reproducible  framework  for  exploring  the  role  of
LLMs  in  large-scale  educational  assessment  (as  shown
in Figure 1 and Table 1).

 3.3 |    Methods to Evaluate Students’
Written Responses with GPT-4o

To  address  the  research  questions,  the  analyses  exam-
ined  the  grade  alignment  between  the  official  human
expert  evaluation  and  the  model,  keyword  usage,  and
translation  effect,  structured  into  3  parts  (as  shown  in
Table 1).

First,  the  alignment  analysis  measured  how
closely the GPT-4o’s grades matched those assigned by
human expert evaluators at the end of 4 official human
expert evaluation rounds. In addition to calculating the
actual grade on a scale of 0–15-point difference, grades
were  categorized  according  to  the  difference  between
the  model  and  the  human  expert  evaluations:  exact
match  (no  difference),  moderate  variation  (0–2-point
difference),  outlier  (3–4-point  difference),  and  severe
outlier  (≥ 5-point  difference).  The  distribution  of
responses  across  these  4  categories  quantified  the
consistency  between  GPT-4o  and  human  expert
evaluation.

Second, the automatic keyword analysis tracked
the presence of  24 keywords,  which the official  evalua-
tion  guidelines  identified  as  indicators  of  correct
responses.  Each  of  the  3  rainfall  types  discussed  in  the
examination had 8 associated keywords, making a total
of 24. The presence of these keywords in the responses
was  tracked  and  correlated  with  grades  from  both
GPT-4o  and  human  expert  evaluators,  by  drawing
attention  to  cases  in  which  the  model  awarded  points
despite incorrect keyword usage by human standards.

 

Figure 1    Evaluation process of students’ open-ended responses with GPT-4o. RAG: retrieval-augmented generation.
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Third,  the  translation  analysis  evaluated
whether  translating responses  from LRL (Finnish)  into
HRL  (English)  affected  grade  alignment.  This  article’s
author  wrote  a  textbook  chapter  in  both  Finnish  and
English on which the examination question was based.
Each  response,  originally  written  in  Finnish  and  later
translated  into  English  by  a  high-end  LLM,  was  care-
fully  reviewed  by  the  author,  who  is  fluent  in  both
languages and an expert on the examination topic. The
original and translated versions were fully consistent in
content.  This  expertise  provided  a  strong  assurance  of
accuracy, although additional procedures, such as inter-
rater  reliability  or  back-translation  checks,  were  not
employed.  Responses  with  at  least  3-point  difference
between  human  and  model  grades  were  selected  for
detailed  examination.  Future  studies  could  improve
translation  validity  through  inter-rater  reliability  or
back-translation checks.

 4   Results

 4.1 |    GPT-4o’s Grade Alignment with
Human Expert Evaluators’ Grading
Results

The  study  assessed  the  grade  alignment  between
GPT-4o and official human expert evaluation grades for
1,016  students’ written  responses.  Unlike  trained
human  expert  evaluators,  who  had  specific  grading
experiences  and  extended  evaluation  training  sessions,
GPT-4o relied solely on prompt instructions and evalu-
ation guidelines but enhanced accuracy by repeating the
evaluation 5 times, as shown in Figure 1 and Table 1.

The  correlation  between  grades  assigned  by
human  expert  evaluators  and  GPT-4o  was  strong  and
statistically  significant  (Pearson’s r =  0.87  for  5-shot

evaluation  and r =  0.85  for  1-shot  evaluation;
both p < 0.001,  here r denoting correlation coefficients
and p indicating  P  value).  GPT-4o  assigned  slightly
higher scores than human expert evaluators in over half
of  the  cases—53.90% in  5-shot  evaluation  and  56.50%
in 1-shot  evaluations.  Conversely,  it  assigned  lower
scores  in  23.30% of  cases  for  both  1-shot  and  5-shot
evaluations  (Table  2).  Compared  to  the  1-shot  evalua-
tion,  the  5-shot  evaluation  resulted  in  a  slight  increase
in exact matches; 18.10% of grades moved closer to the
human  expert  evaluation,  70.30% remained  the  same,
and  11.60% moved  further  away.  Running  the  evalua-
tion  5  times  resulted  in  only  a  slight  improvement:  5-
shot  evaluation  increased  the  rate  of  exact  matches  by
2.50 points and reduced the average score difference by
0.11 points, thus confirming high consistency.

For scores very close to the human expert eval-
uation  (within  ±1-point  difference),  GPT-4o  matched
human  expert  scores  52.90% of  the  time  in  the  5-shot
evaluation.  The  best  grade  alignment  occurred  for
scores  2  (68.20%),  11  (62.40%),  and  4  (60.00%),  while
the weakest grade alignment was for scores 7 (42.00%),
3 (35.00%), and 6 (34.80%). Exact matches occurred in
22.70% (5-shot evaluation) and 20.20% (1-shot evalua-
tion) of cases, with the highest agreement at the low end
of  the  scale  (87.80% for  0-point  difference;  61.10% for
1-point difference).

A  ±2-point  difference  (approximately  12.50%
on  a  16-point  scale)  is  comparable  to  typical  human
expert  evaluators  variability.  Factors  (such  as  text
features,  response  quality,  and  grade  bands)  can  affect
scoring  difficulty,  with  some  features  influencing
research  and  writing  assessments  differently.  Prior
research  has  shown  that  individual  evaluators’ scoring
can vary from one response to another, and even across
different days (Palermo, 2022). In GPT-4o’s assessment,
75.00% (5-shot evaluation) and 71.60% (1-shot evalua-
tion)  of  scores  fell  within  this  2-point  difference  range

 

Table 1    Settings of  GPT-4o for  evaluating students’ open-ended responses  (with a  5-step pipeline for  preparing and executing the
evaluation and 3-step pipeline for analysis)

Input category GPT-4o evaluation setup

Learning material input GPT-4o was provided with the examination chapter from a geography textbook used by students

Examination question input The examination question was input into GPT-4o to define the model’s task

Evaluation instruction input GPT-4o received the same evaluation guidelines (250 words or 1,910 characters, without space) as human expert evaluators,
instructing the model to grade students’ written responses on a scale from 0 to 15, with 0–5 points assigned for each type of

rainfall

Response input and verification A total of 1,016 students’ written responses were input into the GPT-4o, with each response recalled 5 times to verify correctness

Evaluation execution Responses were graded (parameter temperature = 0.0) from 0 to 15 points 5 times, selecting the mode value to ensure evaluation
consistency

Grade comparison analysis GPT-4o-generated grades were compared to human expert evaluators’ grades; differences were categorized as exact match (no
difference), moderate variation (0–2-point difference), outlier (3−4-point difference), and severe outlier (≥ 5-point difference)

Outlier keyword analysis The presence of essential content-related keywords (as indicated in the evaluation guidelines) was analyzed in severe outlier cases
(≥ 5-point difference)

Language impact analysis The same analyses were conducted in English with outlier grade (≥ 3-point difference) responses. All learning materials were
translated into English, and the translation quality was verified
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when  the  original  Finnish  was  used  for  evaluation
(Table 2).

However,  wider  scoring  discrepancies  also
occurred: outliers with 3–4-point difference appeared in
22.00% of  cases  (5-shot  evaluation)  and  24.50%
(1-shot evaluation). Severe outliers, with a difference of
5  or  more  points,  occurred  in  3.00% of  5-shot  and
3.90% of 1-shot evaluations. GPT-4o faced greater chal-
lenges  in  aligning  with  human  expert  scores  for
responses officially graded in the lower range of a scale
of  0–15-point  difference:  specifically,  those  receiving  6
points  (44.90% of  grades  were  outliers),  5  points
(35.00%),  and  3  points  (35.00%).  Conversely,  grade
alignment  was  better,  with  fewer  severe  outliers,  for
responses  at  the  extreme of  the  grading  scales:  0-point
difference  (2.40%),  4-point  difference  (12.00%),  and
12-point  difference  (13.50%)  (Table  2).  The  grades
most  commonly  assigned  by  the  model  (12  and  11)
were very close  to  those frequently  assigned by human
expert evaluators (10 and 12).

 4.2 |    Effect of LRL and HRL on GPT-4o
Grading

Of  the  1,016  responses  originally  analyzed  in  Finnish,
254  (25.00%)  showed  scoring  discrepancies  of  at  least
3-point  difference  (a  grade  difference  of  18.80% or

higher) between human and GPT-4o. To test for poten-
tial  differences  between  LRL  and  HRL  contexts,  the
original  learning  materials,  evaluation  guidelines,  and
outlier  students’ written  responses  were  provided  to
GPT-4o  in  HRL  (English).  Given  that  much  of  the
model’s  reinforcement  learning  from  human  feedback
has  been  conducted  in  English,  it  was  expected  that
using HRL (English) would lead to a better grade align-
ment.  Moreover,  translation  can  simplify  keyword
recognition  because  the  complex  morphology  and
compound  words  in  LRL  (Finnish)  can  obscure  key
term  recognition  by  an  LLM.  The  translation  quality
was meticulously verified before analysis.

The results indicated that translation into HRL
(English)  significantly  improved  the  grade  alignment
between  human  and  LLMs.  The  model’s  grading  of
English-translated responses corresponded more closely
to  human expert  evaluators.  First,  when evaluating  the
quality of the English translations, 85.00% of the grades
assigned  by  GPT-4o  were  within  2-point  difference  of
the  official  human  grading,  which  means  the  propor-
tion  of  outliers  decreased  from  25.00% to  15.00% (as
shown in Table 2). Second, after translation, 52.70% of
the  scores  shifted  closer  to  the  official  human grading,
indicating  a  better  consistency,  while  15.00% diverged
further.  Third,  translation  into  HRL  (English)  had  a
marked  positive  impact  on  severe  outliers  (≥ 5-point

 

Table 2    Comparison of official human expert evaluation grades and GPT-4o grading results (5-shot mode value)

Grade
Official human grading GPT-4o grade

Average distance (points)
Original Finnish English translation

n Point Same (%) Higher (%) Lower (%) Outlier (%) Correct (%) Outlier (%) Correct (%)

0 41 4.00 87.80 12.20 0.00 0.20 2.40 97.60 0.00 100.00

1 18 1.80 61.10 27.80 11.10 0.94 16.70 83.30 16.70 83.00

2 22 2.20 27.30 59.10 13.60 1.32 18.20 81.80 2.40 97.60

3 20 2.00 20.00 75.00 5.00 2.10 35.00 65.00 8.00 92.00

4 25 2.50 16.00 72.00 12.00 1.36 12.00 88.00 8.00 92.00

5 40 3.90 10.00 80.00 10.00 1.88 35.00 65.00 32.50 67.50

6 69 6.80 17.40 82.60 0.00 2.30 44.90 55.10 36.00 64.00

7 74 7.30 13.50 81.10 5.40 1.96 33.80 66.20 23.00 77.00

8 86 8.50 10.50 75.60 14.00 1.99 34.90 65.10 22.10 77.90

9 88 8.70 14.80 78.40 6.80 1.90 29.50 70.50 15.90 84.10

10 112 11.00 14.30 68.80 17.00 1.73 25.00 75.00 8.90 91.10

11 93 9.20 21.50 61.30 17.20 1.45 23.70 76.30 14.10 85.90

12 104 10.20 29.80 41.30 28.80 1.29 13.50 86.50 4.80 95.20

13 98 9.60 20.40 26.50 53.10 1.45 16.30 83.70 6.10 93.90

14 62 6.10 21.00 9.70 69.40 1.56 19.40 80.60 12.90 87.10

15 64 6.30 34.40 0.00 65.60 1.61 28.10 71.90 17.20 82.80

Total 1,016 100.10 N/A N/A N/A N/A N/A N/A N/A N/A

Average N/A N/A 22.70 53.90 23.30 1.63 25.00 75.00 15.00 85.00

Notes. Correct = 0–2-point difference between human expert evaluators and GPT-4o, outlier = at least 3-point difference from human expert evaluator grade, bold = 3
highest scores, italics = 3 lowest scores.
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difference), with 76.70% of these cases showing reduced
scoring  discrepancies.  To  conclude,  these  results
demonstrate  the  potential  advantages  of  using  HRL
(English) with GPT-4o compared to an LRL (Finnish).

 4.3 |    Impact of Keyword Use on
GPT-4o Evaluation

Official  evaluation  guidelines  identified  24  essential
keywords  (8  per  rainfall  type)  in  the  geography  text-
book  to  support  grading.  The  presence  of  these
keywords  assisted  both  human  expert  evaluators  and
GPT-4o in the evaluation task and grading of responses.

Human  expert  evaluators  and  GPT-4o  were
closely matched in recognizing keyword presence, with
strong  correlations  between  students’ written  response
length,  keyword variety,  and awarded grade.  Typically,
longer  responses,  including  more  keywords  consis-
tently  received  higher  scores  from  both  human  expert
evaluators and GPT-4o. Longer responses are tended to
include  a  wider  variety  of  keywords  (r =  0.676,
p < 0.001) and received higher grades both from human
(r = 0.685, p < 0.001) and GPT-4o (r = 0.555, p < 0.001).
Conversely,  students’ written  responses  with  fewer
keywords  received  lower  grades  from  both.  Moreover,
responses  with  a  wider  range  of  keywords  received
higher  grades  both  from  human  expert  evaluators
(r =  0.832, p <  0.001)  and  the  model  (r =  0.817,
p <  0.001),  while  those with a  narrower range received
lower grades. This indicates the importance of keyword
presence in evaluations and grading by both human and
the model.

GPT-4o  showed  high  reliability  in  the  vast
majority  of  cases,  with  96.60% free  from  keyword
misinterpretation.  Scoring  discrepancies  occurred  in
3.40% of students’ written responses. In 1.80%,  human
assigned  lower  grades  despite  many  keywords  and
detected incorrect usage that GPT-4o missed; in 1.60%,
human  awarded  higher  grades  despite  fewer  keywords
and  recognized  deeper  understanding  overlooked  by
the  model.  These  differences  stem  from  GPT-4o’s
reliance  on  keyword  presence  as  probabilistic  signals,
suggesting  a  lack  of  nuanced  contextual  judgment  of
human  expert  evaluators  who  assess  simultaneously
both  the  accuracy  and  appropriateness  of  keyword  use
(Baidoo-Anu  &  Ansah,  2023; Pinto  et  al.,  2023).  The
model  primarily  recognized  the  presence  of  relevant
keywords within responses and used these as indicators
of  students’ knowledge.  This  approach generally  works
well  for  students’ written  responses  in  which  students
use  the  keywords  correctly  and  logically,  as  specified
in  the  evaluation  guidelines  and  the  learning  materials
for  this  examination.  However,  LLMs  can  occasionally
fail  to  recognize  incorrect  applications,  favoring
responses  based  more  on  keyword  presence  than  on
correct  contextual  usage.  The  model’s  reliance  on

approximations may cause it to miss the nuanced judg-
ment  humans  apply  in  evaluating  complex  responses
(Schlangen,  2024).  This  shortcoming  points  to  the
need  to  refine  LLM  training  to  better  capture
domain-specific  subtleties  for  reliable  educational
assessments.

In  contrast,  human  expert  evaluators  draw  on
their training and expertise to assess not only the pres-
ence  of  keywords  but  also  the  appropriateness  and
accuracy  of  keyword  usage  within  the  educational
context, often considering subtle textual elements. This
nuanced  judgment  allows  for  more  accurate  assess-
ments,  particularly where students misuse keywords or
include them inappropriately.

 5   Conclusions

This  study  evaluated  the  accuracy  of  GPT-4o  in  grad-
ing  1,016  open-ended  responses  from  Finland’s
national  high-stakes  matriculation  examination.
GPT-4o was  selected as  one  of  the  most  advanced and
widely  deployed  LLMs  in  2024,  with  demonstrated
potential  for  educational  assessments.  The  primary
empirical  and  practical  contribution  of  this  study  is  to
provide a benchmark of GPT-4o against high-standard
human evaluation in an official, population-level, high-
stakes  examination.  The  analysis  focused  on  one  high-
stakes matriculation examination question, which typi-
cally  requires  100–200  words  essay-style  responses  on
the  rainfall  types  within  the  geography  curriculum.
Human grades were produced through multiple rounds
of  expert  reviews  under  strict  national  criteria,  provid-
ing a highly reliable reference.

The first contribution of this study is empirical:
GPT-4o  closely  matched  human  grading,  substantially
outperforming  earlier  findings  based  on  GPT-3.5
(Bui  &  Barrot,  2025; Mao  et  al.,  2024).  When  grading
responses  directly  in  LRL  (Finnish),  75.00% of
GPT-4o’s  scores fell  within ±2 points of  human grades
on  the  16-point  scale,  well  within  typical  inter-rater
variation  among  expert  human  evaluators.  Overall,
GPT-4o and human expert evaluators showed a strong
agreement  in  identifying  grading-relevant  keywords;
responses  containing  a  wider  range  of  required  terms
consistently received higher scores from both. However,
in  3.80% of  cases,  GPT-4o  misinterpreted  the  contex-
tual  use  of  keywords,  leading  to  grading  discrepancies.
LLM  evaluations  based  on  keywords  primarily  may
overestimate  response  quality,  as  surface-level  lexical
matches can mask weak or incorrect conceptual under-
standings.  While  human  expert  evaluators  can  distin-
guish  meaningful  use  from  superficial  or  incorrect
mentions, the model showed limitations in this respect.
Excluding these  cases,  96.20% of  GPT-4o’s  evaluations
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reliably identified the presence and breadth of essential
concepts.

The  second  contribution  is  methodological:
The  effective  use  of  LLMs  in  educational  assessment
depends  on  careful  system  design.  Previous  studies
noted a range of ethical and security challenges, includ-
ing  risks  to  data  privacy,  potential  leakage  of  training
data,  and  general  mistrust  of  model  outputs  (Huang
et al., 2023; Nazaretsky et al., 2022; Ouyang et al., 2024).
Precise  prompting  with  access  to  official  evaluation
guidelines and relevant learning materials is essential as
indicated  in  the  earlier  work.  Setting  the  model’s
temperature  parameter  to  0.0  minimizes  output  vari-
ability  (Hackl  et  al.,  2023; Jauhiainen  &  Garagorry
Guerra,  2025a).  The  application  programming  inter-
face version and RAG setups help prevent data leakage.
Repeating  the  evaluation  process  response  recall  and
evaluation multiple times (such as 3-shot or 5-shot eval-
uations)  further  reduces  potential  randomness  and
hallucinations,  substantially  improving  grading  consis-
tency  and  reliability  (Jauhiainen  &  Garagorry  Guerra,
2025a).  These  methods  offer  a  replicable  framework
that  increases  the  reliability  and  interpretability  of
LLM-based  assessment  at  scale,  even  in  a  high-stakes
examination  context  involving  the  written  responses
from over 1,000 students.

The  third  contribution  is  both  conceptual  and
empirical:  The  study  demonstrates  that  LLM-based
assessment  can be  made more accurate  by using HRLs
(such  as  English),  provided  translations  are  faithful.
Translating  responses  from  LRL  (Finnish)  into  HRL
(English) improved grading accuracy, which reflects the
HRL  (English)-centric  training  of  most  LLMs.  Here,
translating  responses  from  LRL  (Finnish)  into  HRL
(English)  increased the grading alignment with human
scores from 75.00% to 85.00%.  This gain likely reflects
GPT-4o’s  stronger  semantic  representations,  vocabu-
lary  coverage,  and  reasoning  reliability  in  HRL
(English).  While  translation  into  a  HRL  improves  the
model’s  performance,  it  also  reinforces  linguistic
inequalities  between  English  and  non-English  users.
Addressing  this  risk  requires  developing  and
fine-tuning  LLMs  directly  in  LRLs  to  ensure  equitable
assessment.

Advanced  LLMs  have  substantial  potential  as
supportive  tools  for  educational  assessment.  They  can
significantly  accelerate  the  large-scale  educational
assessment of open-ended responses and reduce educa-
tors’ workload. Even currently, high-performing models
can be used to audit human grading by flagging poten-
tial inconsistencies or outliers. This study, together with
prior  comparative  research,  shows  that  even
state-of-the-art LLMs still fall short of the accuracy and
reliability  required  for  fully  autonomous,  high-stakes
evaluation.  As  of  2026,  fully  replacing  human  expert
evaluators  is  not  yet  feasible.  Responsible  adoption,

therefore,  requires  a  human-in-the-loop  approach,  in
which  LLMs  may  provide  draft  assessments  or  consis-
tency  checks  while  final  decisions  remain  with  educa-
tors.  Full  automation  risks  compromising  fairness,
transparency, and student trust.

Educator involvement in designing and validat-
ing  LLM-based  tools  is  essential  for  the  usability  and
pedagogical  relevance  (Nazaretsky  et  al.,  2022; Ouyang
et  al.,  2024; Zhai,  2025).  Although  the  current  model
implementation  remains  complex,  rapid  advances
suggest  that  reliable  evaluation  pipelines  will  become
easier  to  deploy.  At  present,  only  a  small  number  of
platforms,  such  as  TurkuEval,  meet  the  requirements
for  secure,  scalable,  and  user-friendly  LLM-based
assessments.  Looking  ahead,  task-specific  LLMs
constrained  by  curricula,  guidelines,  and  student
responses offer a promising path toward higher assess-
ment  efficiency  with  lower  computational  costs  and
total  processing  time.  Apart  from  grading,  LLMs  also
show  the  potential  for  generating  structured  and
constructive  feedback  for  students  (Jauhiainen  &
Garagorry Guerra, 2026).

Persistent  ethical  challenges,  such  as  trans-
parency,  bias,  and  the  data  security  of  LLMs,  must  be
addressed  to  build  trust  and  legitimacy  in  their  use  in
educational assessments. Future research should exam-
ine how AI-assisted grading affects teacher and student
motivation and perception of educational equity, which
are critical for the sustainable integration of LLMs into
assessments.  Moreover,  more  recent  models,  such  as
GPT-5.2, Claude Sonnet 4.5, Llama 3, and Gemini 3, are
already  more  advanced  than  GPT-4o.  Their  perfor-
mance in assessment needs to be tested, as earlier stud-
ies  indicate  significant  differences  between models  and
their  versions  (Jauhiainen  &  Garagorry  Guerra,  2024).
Future  research  should  evaluate  LLM-based  assess-
ments across educational levels, expansive subjects, and
demographic  groups,  with  particular  emphasis  on
multilingual  contexts.  Longitudinal  comparisons
between  LLM-based  and  traditional  assessments  are
needed  to  understand  the  impacts  on  learning
outcomes  and  to  support  the  development  of  reliable,
fair, and globally inclusive AI-based evaluation systems.
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