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This study investigates the impact of different prompt design strategies on the performance of GPT-4 in
assessing undergraduate reports within an English as a Foreign Language (EFL) context. As Large
Language Models (LLMs) increasingly integrate into educational assessment, understanding how
prompt engineering affects grading accuracy and alignment with human judgment is crucial. Three
prompt design methods—TELeR Taxonomy, Six strategies framework, and Zero-shot prompting—
were applied to evaluate 40 student business reports. The assessments were compared against human
teacher scores using quantitative statistical analysis, specifically box-and-whisker plots and inter-rater
agreement between teacher ratings and Al-generated scores using Cohen’s k and quadratic weighted «.
Findings indicate that the choice of prompt design significantly influences the alignment between Al
and human grading. The Six strategies method demonstrated strong alignment with teacher assessments,
particularly in evaluating coherence and cohesion. The Zero-shot prompt demonstrated the strongest
alignment with teacher ratings, yielding the most similar score distribution and the highest inter-rater
agreement (quadratic weighted k= 0.65). The results suggest that although this strategy most effectively
approximates human scoring in Al-assisted assessment, human oversight remains essential for capturing
the subjective and nuanced aspects of student writing.
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Introduction

Given the multifaceted roles and responsibilities of modern educators, the efficient distribution of
working time is critical to their professional success. This is particularly relevant for English as a Foreign
Language (EFL) teachers at the tertiary level, who frequently allocate significant time to the assessment of
student writing. This process requires careful consideration of the purpose, organization, and development
of content (Koraishi, 2023).

In Asian higher education contexts, the pressure associated with writing assessment is often intensified
by large class sizes, exam-oriented academic cultures, and institutional emphasis on measurable learning
outcomes (Hwang et al., 2023). Writing proficiency is closely linked to academic achievement,
international mobility, and employability, making the reliability of assessment particularly consequential.
Research in Asian EFL settings has highlighted ongoing challenges related to feedback practices,
assessment transparency, and teacher workload (Hoque et al., 2023).

With Al support, “teachers could potentially lessen their workloads, redirecting their primary focus
towards crafting innovative lesson plans, engaging in professional development, and offering personalized
coaching to each student” (Grassini, 2023, p. 694).
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What we know about GPT-4 grading student written work is largely based upon empirical studies that
investigate the impact of prompt design on the performance of Large Language Models (Rodrigues et al.,
2025; Santu et al., 2024; Paranjape et al., 2023; Velasquez-Henao et al., 2023; Park & Choo, 2024). These
studies suggest that while prompt engineering can improve the effectiveness of GPT-4, there remains a
significant need for ongoing research in this field.

The present study seeks to evaluate the performance of GPT-4 depending on the input prompt for grading
undergraduate reports. The research aims to address the following question: How do different prompt
design strategies impact the grading outcomes of GPT-4 when compared to human assessments in EFL
settings?

Literature Review

Prompt design is an integral aspect of Al language model performance, influencing the accuracy and
relevance of generated responses. Prompt engineering, is the process of designing prompts, instruction or
input given to GPT to achieve task-oriented behaviours or outputs (Ekin, 2023). Well-designed prompts
improve the AI’s comprehension and performance on tasks, allowing the model to accurately interpret the
assignment. This, in turn, boosts the reliability and validity of the responses produced (G.G. Lee et al.,
2024).

Factors Influencing Effectiveness of Prompt Design

Several key factors influence the effectiveness of prompt design strategies and their correlation with
automated grading outcomes in EFL settings. These factors include the clarity and precision of the prompts,
the inclusion of relevant context, the incorporation of a defined role for the Al, and the consideration of
operational constraints (Amatriain, 2024).

The clarity of prompts is important to ensure that language models accurately understand and respond to
the given tasks. Clear instructions and questions form the basis for a robust prompt, facilitating better
responses from language models (Kim et al., 2024). Ekin (2023) emphasizes that prompt engineering is an
art of precise communication, wherein well-crafted, brief, and specific prompts generate better responses.

Providing relevant context within prompts is another factor that enhances their effectiveness. Contextual
information helps language models to generate more accurate and relevant responses by situating the task
within a specific framework (OpenAl, 2023). By offering concrete examples, the model can better
understand the expected structure or format, which is especially beneficial for tasks demanding a particular
style, such as programming code generation or crafting specific types of written content (Liu et al., 2023).
It is also recommended to split complex tasks into simpler subtasks to provide the model with adequate
context and time to “think™ (Tabatabaian, 2024).

Incorporating a defined role within the prompt directs the Al on how it should respond or the persona it
should adopt, which allows for more targeted and nuanced outputs. “By aligning with the specific
preferences of users, personalization systems enable machines to respond to the distinct needs of each
individual, resulting in interactions that are both more effective and satisfying” (Chen et al., 2024, p. 41).
As artificial intelligence progresses, the capability of personalization systems grows, allowing them to
manage a broad spectrum of user intentions with greater precision.

Operational constraints set the parameters for the AI’s response, such as the length of the output or the
use of a particular style or format, to ensure that the response is well designed. These limits help to maintain
the quality and relevance of the output (EKin, 2023).

Prompt Design Strategies

A variety of strategies are available for prompt design; however, given the scope and constraints of this
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study, the analysis was limited to three specific approaches: the TELeR Taxonomy, the Six strategies
framework, and the Zero-shot prompting method (Table 1).

TABLE 1

Prompt Design Strategies

Method of

Prompt Design

Overview

Key Strategies

Effectiveness

Six Strategies

The Six strategies method,

1. Clear instructions: improve the

Users are encouraged to adopt a

Method introduced by OpenAl, focuses model’s understanding and multifaceted approach for better
on a variety of strategies aimed at ~ response quality; results, as it allows for a
better results from LLM. 2. Examples or references: result comprehensive addressing of
(OpenAl, 2023) in more accurate outputs; tasks. For example, merging clear
3. Split complex tasks into instructions with reference texts
simpler subtasks: complex tasks can sharpen the model’s focus,
tend to have higher error rates improving response accuracy.
than simpler tasks; Similarly, strategic task
4. Time to “think™: leads to more ~ breakdowns and systematic
thoughtful and nuanced evaluation refine prompts,
responses; optimizing desired outcomes
5. External tools: expand the (OpenAl, 2023). Studies
model’s capabilities and the range  demonstrate that using a variety
of achievable outputs. of prompt design strategies
6. Testing prompt variations: enhances the accuracy of
helps refine prompting automated grading systems
techniques, leading to more (Velésquez-Henao et al., 2023).
effective strategies over time.
Zero-shot The Zero-shot method leverages 1. Zero-shot method can be used The Zero-shot Method has gained
Method advanced artificial intelligence even in earlier pre-trained LLM, attention for its ability to provide
techniques to grade student as GPT-3 or BERT. accurate grading with minimal
responses without requiring 2. Minimal Training Data: input, making it highly efficient
extensive training data. This Requires few examples to for large-scale EFL settings.
method relies on pre-trained generate accurate grading criteria.  Research by S. Lee et al. (2024)
language models that can 3. Adaptive Learning: shows that this method can
understand and assess written Continuously improves its achieve comparable grading
content based on a minimal set of  grading accuracy through accuracy to human graders,
examples (Zhou et al., 2022). machine learning. particularly in standardized
testing environments.
TELeR The TELeR (Task, Evidence, 1. Task: Defines the specific Research indicates that the
Taxonomy Learner, and Response) activity or question to be TELeR Taxonomy improves the

Taxonomy offers a
comprehensive framework for
designing prompts that facilitate
automated grading (Santu &
Feng, 2023). Developed by
educational technologists, TELeR
emphasizes a structured approach
to task creation, aligning tasks
with specific evidence of
learning, considering the learner’s
profile, and ensuring clear,
measurable responses.

addressed by the student.

2. Evidence: Outlines the type of
response or output expected,
serving as a benchmark for
grading.

3. Learner: Considers the
student’s background, proficiency
level, and learning needs.

4. Response: Specifies the format
and criteria for the student’s
answer.

consistency and fairness of
automated grading systems by
providing clear criteria and
structured responses. Studies
have shown that this method
reduces ambiguity in student
responses, leading to more
accurate grading outcomes (Santu
et al., 2024).

Each of these approaches offers strengths in grading EFL student
Taxonomy’s structured approach ensures clarity and consistency. The Six strategies method’s diversity
caters to various learning styles, fostering deeper and more comprehensive responses. The Zero-shot
method’s efficiency makes it appropriate for large-scale applications, useful in assessment scenarios. Each
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method could contribute to improving the accuracy, fairness, and efficiency of grading process, ensuring
that student writing is assessed reliably.

Factors Influencing Prompt Effectiveness in Automated EFL Grading

Prompt effectiveness in automated EFL grading depends primarily on clarity, contextualization, role
specification, and operational constraints (Amatriain, 2024; Ekin, 2023; Kim et al., 2024). Clear and precise
instructions improve model comprehension and response quality, as prompt engineering functions as a form
of structured communication with the model (Ekin, 2023). Providing relevant context further enhances
performance by situating tasks within a defined framework and clarifying expected formats or criteria (Liu
et al., 2023; OpenAl, 2023). Complex tasks may also be decomposed into subtasks to reduce error rates
and improve reasoning quality (Tabatabaian, 2024).

Assigning a defined role within the prompt supports more targeted and nuanced outputs by guiding the
model’s evaluative stance (Chen et al., 2024). Finally, operational constraints—such as length, format, or
stylistic requirements—help ensure output relevance and consistency (Ekin, 2023). Together, these factors
shape the reliability and alignment of Al-generated grading with human judgment.

As outlined in Table 2, this study examines three established prompting frameworks for Al-assisted
assessment: the Six strategies framework (OpenAl, 2023), the Zero-shot method (S. Lee et al., 2024; Zhou
etal., 2022), and the TELeR Taxonomy (Santu & Feng, 2023; Santu et al., 2024).

TABLE 2
Prompt Engineering Frameworks for Al-Assisted Writing Assessment
Framework Core Principles Key Features Advantages
Six Strategies Structured prompt Clear instructions; use of Combining multiple
Framework engineering combining examples; task decomposition; strategies enhances grading

complementary strategies  deliberate reasoning time; external  accuracy and consistency
tools; iterative refinement

Zero-shot Assessment without task-  Relies on pre-trained model High efficiency and
Method specific fine-tuning knowledge; no additional training  scalability; performance
data required comparable to human raters

in structured contexts

TELeR Structured prompt design ~ Prompts organized around Task, Promotes transparency;
Taxonomy based on assessment Evidence, Learner, and Response reduces ambiguity in
components automated scoring; improves

rubric alignment

Note. Six strategies framework (OpenAl, 2023; Velasquez-Henao et al., 2023); Zero-shot method (S. Lee et al., 2024;
Zhou et al., 2022); TELeR Taxonomy (Santu & Feng, 2023; Santu et al., 2024).

Collectively, these approaches represent distinct pathways toward improving the validity, consistency,
and scalability of Al-assisted EFL assessment.

Materials and Methods

Research Design

To address the research question, we used an experimental approach. Three types of prompts were
created and applied to evaluate 40 student reports. After that, a quantitative analysis of the grades associated
with each prompt type was performed. This analysis included a comparative study of the grades assigned
by GPT-4 with those given by a human assessor.
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Participants

The analysis focused on the 40 business reports produced by the second-year undergraduate students (24
male and 16 female) of the Higher School of Business at the Higher School of Economics (HSE) University
as part of their English as a Foreign Language (EFL) training program. Their English language proficiency
was tested at B2-C1 according to the Common European Framework for Languages (CEFR). Students were
chosen on convenience sampling. They were fully informed about the objectives of the study and provided
their informed consent for the use of their written work in the research. To ensure confidentiality and protect
their identities, all reports were anonymized before analysis.

Rater Profile and Scoring Procedure

The assessment of student performance was conducted by a single teacher-rater with over 20 years of
professional experience in teaching English as a Foreign Language (EFL). The rater has extensive
experience in performance-based assessment and has served as a judge in various regional and national
English language competitions and Olympiads. This professional background ensured a high level of
familiarity with analytic scoring rubrics and standardized assessment procedures.

To enhance scoring consistency, the rater reviewed the assessment rubric prior to evaluation to ensure
alignment with the defined performance criteria. A pilot scoring phase was conducted using a small subset
of student responses to calibrate interpretation of rubric descriptors and verify consistent application of
scoring levels. During the evaluation process, the rater adhered strictly to the predefined rubric criteria,
minimizing subjective bias and ensuring systematic scoring across all submissions.

Materials

Second-year undergraduates were tasked with writing a business report as a test exercise after multiple
practice sessions. A content base for the report is outlined in Figure 1.
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customer survey.
notes.

< Write 150-200 words.

< You are a manager in the customer services department of a large store.
Your line manager has asked you to write a report on the results of a recent

< Look at the information below, on which you have already made some handwritten

% Then, using all your handwritten notes, write your report.

Results of Customer Survey

Responses: Good
staff friendliness 30%
product range 62%
opening hours ¥ 87%

new training
for staff
should help!

suggest products

to attract more

Additional customer comments:

/

say why this is no
lenger a problem

. difficult to find things o
I — new store layout
. hot enough parking fiset v ht

cusfomers

Figure 1. A content base for student reports

Students had 40 minutes to write the reports, which were then collected and initially assessed by the teacher.
Criteria for report assessment are given in Appendix. After that, the reports were used as research material
for further evaluation by GPT-4 using the same criteria.

Prompt Design

To compare prompt design approaches, three prompts were developed based on the TELeR Taxonomy,
the Six strategies method, and a Zero-shot format (as shown in Table 3). Each prompt contained four core
components: (1) grading instructions for GPT-4, (2) the assessment criteria (Appendix), (3) the task
description, and (4) the student report. The TELeR and Six-Strategies prompts additionally included two

annotated assessment samples.
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TELeR Taxonomy

Six Strategies Method

Zero-shot Method

Grade each report written by EFL
learners. The final output should
contain highlighted mistakes in
each report and points on each
criterion according to the mistakes.

Instructions:

1. Review two sample report
assessments [Assessment samples].

2. Read the task [Task].
3. Assess each report [Reports].

4. Use the provided criteria
[Criteria] to evaluate the reports.

5. Highlight all mistakes in each
essay.

6. Assign a score for each criterion
and record it in the table [Table].

Use the provided data [Task],
[Criteria], [Reports], [Assessment
Samples]. Your final result should
include: A report with highlighted
mistakes. A table filled according
to the criteria. You are grading the
reports as an associate professor of
HSE University. Justify your
responses in detail by explaining
why you assigned specific marks
and highlighted particular mistakes.

1 would like you to grade each
report written by EFL learners.
Follow these instructions step by
step and do not omit any steps:

1. Before you start grading, be
aware that you are grading these
reports as an associate professor at
HSE University, School of Foreign
Languages.

2. Read two sample report

assessments [Assessment samples].

3. Review the task [Task].
4. Grade each report [Reports].

5. Use the provided criteria
[Criteria] to evaluate the reports
and highlight mistakes in each
report.

6. Assign a score for each criterion
and record it in the table [Table].

I would like you to grade reports
written by EFL learners. Each
report is assigned a grade from 0 to
10, with 0 being the lowest and 10
being the highest. The reports are
evaluated based on four criteria:
Task Response (maximum 3
points), Coherence and Cohesion
(maximum 2 points), Lexical
Resource & Register (maximum 3
points), and Grammar Accuracy
(maximum 2 points). You should
refer to the criteria description
[Criteria]. Here is the task [Task].
Here are the reports you need to
assess [Reports]. Evaluate the
reports objectively, assign points
for each criterion, and fill in the
table [Table]. Ensure that you
highlight mistakes in each report.

All prompts required GPT-4 to highlight language errors and assign analytic scores by criterion,
producing a completed scoring table and brief feedback for each report. The procedure was repeated for 40
reports across all three prompts, yielding 120 model outputs for analysis.

Instruments for Automated Assessment

To expedite the assessment process, Python was used for automation. The software solution comprises

several modules shown in Figure 2.
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A

Prompt
templates / Grades
%; / Prompting OpenAl N

API

)

— engine

Students’
reports

Feedback
on reports

Figure 2. The use of Python for automation

The system consisted of three integrated modules. The Google Sheets module retrieved experimental
data into a Pandas DataFrame and enabled the export of results back to Google Sheets. The OpenAl API
module submitted prompts to selected models, standardized JSON outputs, and incorporated retry
mechanisms to manage formatting errors. The main script coordinated data retrieval, parallel prompt
submission, result storage, automated feedback generation, and PDF report production for each paper. This
modular architecture streamlined the assessment workflow and ensured accurate data handling. Data
visualization was performed using the Seaborn library in Python, which provides a high-level interface for
generating statistical graphics.

Data Analysis

The scores from three different prompts were then compared with the teacher’s scores. The comparative
analysis was performed using a boxplot, a quantitative statistical method also known as a box-and-whisker
plot (Larsen, 1985). The use of a boxplot to illustrate the differences and similarities between teacher and
GPT-4 ratings in research is an effective method for several reasons. Boxplots provide a clear and concise
visual representation of the distribution of scores, including important statistical measures such as median,
quartiles, and potential outliers.

Al-generated scores from three prompts were compared with teacher ratings using both distributional
and agreement-based analyses. Score distributions were examined through boxplots (Larsen, 1985) and
quartile-based comparisons to assess differences in medians and interquartile ranges. Inter-rater agreement
was calculated using Cohen’s k (Cohen, 1960), with quadratic weighted k (Cohen, 1968) applied to account
for the ordinal scoring scale. Agreement levels were interpreted according to Landis and Koch (1977). This
combined approach enabled a comprehensive evaluation of distributional similarity and rater alignment
between GPT-4 prompts and teacher assessments.

Results

TELeR Prompt Analysis

Figure 3 compares teacher and GPT-4 score distributions under the TELeR prompt. The TELeR prompt
yielded a lower total median (6 vs. 7), indicating a conservative bias. While criterion-level medians were
comparable, teacher ratings showed greater upper-range dispersion, particularly in Task Response and
Grammatical Range and Accuracy, suggesting stronger differentiation at higher performance levels.
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Figure 3. Teacher—TELeR score distributions

Six-Strategy Prompt Analysis
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- Teacher
- TELER Taxoneemy

Prompt

Figure 4 presents teacher and GPT-4 score distributions under the six-strategy prompt. The Al produced
a lower total median (6 vs. 7), though both distributions reached comparable upper values (9-10). Criterion-
level medians were largely aligned. However, Al scores were more centrally clustered, whereas teacher
ratings displayed greater dispersion, particularly in Grammatical Range and Accuracy and Task Response.

0

o

Task Response

Coherence and Cohesion -—‘

©

G Lexical Resource and Register '—-
o

& Grammatical Range and Accuracy ﬁ
=

a s G 0 0
o Level/Track Specific Criteria 5 l

8

Sum
0 1 2 3

Figure 4. Teacher—six-strategy score distributions

Zero-Shot Prompt Analysis

[ rescrer

- Six Strategies
Method Prompt

Figure 5 compares teacher and GPT-4 score distributions under the zero-shot prompt (N = 40). Total
medians were identical (7), with comparable overall ranges (5-10). Criterion-level medians were closely
aligned (approximately 2 points), indicating strong convergence in evaluative patterns, with only minor

variation at the lower end of the scale.
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Figure 5. Teacher—zero-shot score distributions

Additionally, inter-rater agreement indices were calculated, and quartile-based comparisons of total score
distributions are presented in Table 4.

TABLE 4
Quartile-Based Comparison of Total Score Distributions
Method Q1 Median Q3 IQR
Zero-shot 6.00 7.00 8.00 2.00
TELeRtax 6.00 6.00 7.00 1.00
Six-strategy 6.00 6.00 9.00 3.00
Teacher 5.25 7.00 8.00 2.75

Note. Q1 = first quartile; Q3 = third quartile; IQR = interquartile range (Q3 — Q1).

As shown in Table 4, the zero-shot prompt most closely approximated teacher ratings in terms of central
tendency (Median = 7.00 for both), with slightly lower dispersion (IQR = 2.00 vs. 2.75). The six-strategy
prompt exhibited comparable variability (IQR = 3.00) but a lower median (6.00), indicating a modest
conservative shift. In contrast, the TELeRtax prompt demonstrated both reduced central tendency (Median
= 6.00) and markedly compressed variability (IQR = 1.00). Overall, the zero-shot prompt produced the
score distribution most similar to expert evaluation.

TABLE 5
Inter-Rater Agreement Between Teacher Ratings and Prompting Strategies (Cohen’s k and Quadratic
Weighted k)

, Weighted «

Method Cohen’s x (Quadratic)
Zero-shot 0.300 0.653
Six-strategy 0.198 0.546
TELeRtax 0.273 0.400

Note. Interpretation of agreement levels follows Landis and Koch (1977): x < .20 = slight, .21-.40 = fair, .41-.60 =
moderate, .61-.80 = substantial, and > .80 = almost perfect agreement.

Inter-rater agreement coefficients are summarized in Table 5. Both Cohen’s k and quadratic weighted «
were calculated to assess agreement between teacher ratings and Al-generated scores. While the
unweighted Cohen’s k indicates fair agreement across prompting strategies (k = 0.198-0.300), the quadratic
weighted k demonstrates stronger alignment when the distance between scores is taken into account. Based
on quadratic weighted x (Cohen, 1968), the zero-shot prompt demonstrated the highest alignment with
teacher ratings (k = 0.65), corresponding to substantial agreement under the Landis and Koch (1977)
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benchmarks. This was followed by the six-strategy prompt (k = 0.55, moderate agreement), whereas the
TELeRtax prompt showed comparatively weaker alignment (x = 0.40, moderate agreement).

Conclusion

The main goal of the study was to examine how different prompt design strategies correlate with
automated grading outcomes when compared to the teacher assessments in EFL settings. By analyzing the
distribution of grades assigned by the teacher and the GPT-4, three different prompt designs — TELeR
Taxonomy, Six strategies, and Zero-shot Method — this study showed that the choice of prompt design
affects the alignment between human and Al grading. In the framework of our study the Six-strategy
method demonstrated the closest alignment with teacher assessments, particularly in evaluating coherence
and cohesion, where both distributions show similar medians, though teacher scores exhibited greater
variability. The TELeR Taxonomy and Zero-shot methods showed more consistent, but narrower score
distributions, potentially overlooking the full range of student performance in grammatical accuracy and
lexical resources. The results of this study also indicate that with well-structured prompts Al grading
systems can approach the accuracy of human grading. However, significant differences remain when these
systems assess more nuanced or subjective aspects of student writing.

The findings of this study have a number of implications for the future practice of incorporating GPT-4
into university-level written assessments.

1. By automating the initial grading with GPT-4, the time and financial resources required
for extensive assessments are significantly reduced, allowing teachers to focus on other
pedagogical tasks.

2. For a more effective assessment of written work of university students, we suggest to
design prompts for LLMs based on the Six-strategies method, which demonstrated the
closest alignment with teacher scores.

3. GPT-4 can be used as a reference point that allows teachers to compare their evaluations
with those generated by Al. This comparison helps identify and correct potential biases,
resulting in more fair grading.

4. GPT-4 can provide detailed analytic feedback on writing elements such as task response,
coherence, cohesion, vocabulary, and grammar.

5. Common student errors identified by GPT-4 can offer valuable insights for teachers to
refine and improve their teaching methods.

The current study was limited by the scope of prompt designs and the specific criteria used to evaluate
student work. For example, the study focused on a limited set of grading criteria, which may not capture
the full range of skills and competencies evaluated in EFL writing. Additionally, the study was conducted
within a specific educational context, which may affect the generalizability of the findings.

Further research might investigate the effectiveness of hybrid grading systems that combine Al grading
with human oversight. Such research could focus on how to best integrate AI’s consistency with teachers’
nuanced understanding, potentially leading to the development of models that adjust Al assessments based
on teacher feedback. This approach could offer a more balanced and comprehensive evaluation method,
harnessing the strengths of both Al and human graders to provide more accurate and equitable outcomes
for students in diverse educational settings.

This study investigated how prompt design strategies influence the alignment between GPT-4 automated

© 2026 AsiaTEFL All rights reserved 501



[Provider:earticle] Download by IP 46.242. XXX.XX9 at Wednesday, July 8, 2026 6:42 AM

Olga Stognieva & Nataliia Murashova The Journal of Asia TEFL
Vol. 23 No. 2, Summer 2026, 491-505

grading and teacher assessments in an EFL context. Comparative analysis of three prompts—TELeR
Taxonomy, Six-strategies, and Zero-shot—demonstrated that prompt structure significantly affects scoring
patterns and inter-rater agreement. The findings of the present study are consistent with previous research
highlighting the effectiveness of the Zero-shot prompting approach in automated language assessment (S.
Lee et al., 2024; Zhou et al., 2022). Prior studies have shown that large language models are capable of
performing complex evaluative tasks without extensive task-specific prompt engineering, relying instead
on their general linguistic knowledge and reasoning capabilities acquired during pre-training. Within the
context of Al-assisted writing assessment, the Zero-shot approach has been described as particularly
advantageous because it reduces the need for complex prompt design while maintaining a high level of
evaluative consistency. These characteristics are especially relevant in educational settings, where
scalability and operational simplicity are critical considerations. The present study therefore contributes to
the growing body of literature suggesting that zero-shot prompting can serve as a viable baseline strategy
for automated scoring systems, offering a balance between methodological simplicity and reliable
alignment with human evaluation practices.

However, the findings of this study should be interpreted within the defined research context. The
analysis was conducted within the B2—C1 proficiency range to ensure comparability of performance and
maintain focus on advanced academic language production. While this targeted scope supports internal
consistency, future research may explore additional proficiency levels to examine whether similar patterns
emerge across a broader linguistic spectrum. In addition, the study was based on a relatively small sample
of 40 reports, which allows for detailed qualitative and quantitative analysis but may limit broader
generalization. Nevertheless, the sample size remains appropriate for the exploratory and comparative
nature of the present investigation, and the results provide a meaningful basis for further research.
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Appendix
Report Assessment Criteria

Task Response (max 3 points)

3 points — the student fully addresses all parts of the task: presents a fully developed position in answer to
the question with relevant, fully extended and well supported arguments; writes an introduction which
clarifies the aim and the subject of the report, uses suitable headings for each of the paragraphs, describes
what was discovered, analysed, compared or generalised, how the information was obtained, gives facts
and findings, a logical conclusion including results and recommendations/predictions;

2 points — the student addresses all parts of the task although some parts may be more fully covered than
others: presents relevant main ideas but some may be inadequately developed; writes a relevant introduction,
conclusion and recommendations, uses headings for the paragraphs; a final paragraph sums up the report
appropriately;

1 point — the student responds to the task only in a minimal way or the answer is tangential: writes an
introduction, does not use headings for the paragraphs, does not include analysis, writes an unwarranted
conclusion and recommendations; presents a position but it is unclear; presents some main ideas but they
are difficult to identify and may be repetitive, irrelevant or not well supported;

0 points — the student does not adequately address any part of the task: does not write an introduction and/or
conclusion, does not use headings for the paragraphs, presents only the personal opinion based on unproved
assertion.

Coherence and Cohesion (max 2 points)

2 points — the student writes a clearly structured, descriptive and evaluating report, uses a variety of linking
devices appropriately, organises information and ideas logically, uses paragraphing sufficiently;

1 point — the student writes an overview paragraph, uses a limited number of linking devices, does not use
paragraphing sufficiently;

0 points — the student does not write an overview paragraph or writes an irrelevant introduction, does not
organise information and ideas logically, fails to use linking devices appropriately.

Lexical Resource and Register (max 2 points)

2 points — the student uses a wide range of vocabulary without repetitions, lexical and spelling mistakes,
the report is written in an impersonal style and the appropriate register;

1 point — the student uses a limited range of vocabulary, fails to use active vocabulary items, makes 1
lexical or spelling mistake, the student uses the appropriate register;

0 points — the student uses a basic vocabulary, makes 2 or more lexical / spelling mistakes, the student uses
an inappropriate register.

Grammatical Range and Accuracy (max 2 points)

2 points — the student uses a variety of complex grammar structures and passive structures without grammar
mistakes;

1 point — the student uses basic grammar structures and makes 1 grammar mistake;

0 points — the student makes numerous grammar mistakes which impede understanding.

Level/track specific criteria (max 1 point)

1 point — All content is relevant to the task and the target reader is on the whole informed. The candidate
makes a relevant choice of facts and figures and justifies this decision with evidence

0 points — In general the content is relevant to the task and the target reader is on the whole informed.
However, the candidate makes an irrelevant choice and justifies this decision with insufficient evidence
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