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Abstract
This study investigates the effectiveness of artificial intelligence (AI) in evaluating literary translations within a
higher education context. Literary translation, by nature, involves subjective judgment, cultural sensitivity, and
stylistic interpretation elements that challenge standardization in assessment. With growing interest in AI-driven
educational tools, this study explores whether AI can serve as a reliable evaluator in translation pedagogy. Nine
Master’s students specialising in literature and civilization were asked to translate Mahmoud Darwish’s poem كمقهى

الحب هو Like]صغير a Small Café, That’s Love] from Arabic to English using various translation techniques studied in

class. Each translation was first assessed by a human instructor and then evaluated using GPT-4-mini, a large
language model developed by OpenAI. The AI was prompted to assign scores based on four criteria: accuracy,
fluency and style, completeness, and grammar and mechanics. Results showed that while the AI consistently assigned
lower scores—on average 7.1 points lower than the instructor, it maintained a moderate positive correlation (r = 0.64)
with instructor rankings, indicating relative reliability in performance differentiation. However, issues such as OCR
errors and conservative scoring highlighted limitations in using AI for holistic literary assessment. The findings
suggest that AI tools, when properly calibrated and used alongside human oversight, can enhance efficiency and
provide formative feedback in translation instruction. Nevertheless, they are not yet suitable as standalone grading
solutions for creative, interpretive tasks.
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Introduction
In recent years, the integration of artificial intelligence (AI) into educational environments has gained
increasing momentum, particularly in relation to its potential to enhance assessment processes (Popenici
& Kerr, 2017; Luckin et al., 2016). Within higher education, one domain that presents distinctive
challenges for evaluation is literary translation, which is characterized by its inherent subjectivity,
creative expression, and cultural nuance (House, 2015; Venuti, 1995). Traditional assessment of literary
translation relies heavily on human judgment, which, while rich in interpretive depth, is often time-
consuming and susceptible to inconsistency.
The emergence of AI offers a promising avenue to augment these human-centred methods by introducing
more standardised and efficient mechanisms for evaluation. This study investigates the effectiveness of
an AI-based system in assessing literary translations produced by Master’s students specialising in
literature and civilization. Participants were asked to translate الحب هو صغير Like]كمقهى a Small Café,

That’s Love], a poem by Mahmoud Darwish, from Arabic to English using techniques studied in their
coursework. These techniques included literal translation, free translation, adaptive translation,
borrowing, calque, transposition, modulation, and equivalence. The core aim of this study was to
compare AI-generated assessments with those of a human instructor to determine the degree of
alignment between the two.

Research Question

How effectively can AI-based evaluation systems assess literary translations in higher education
compared to traditional human grading methods?

Hypothesis
AI-based evaluation systems can reliably assess literary translations, yielding results that are consistent
with those obtained through traditional human grading methods.

By exploring this hypothesis, the study seeks to contribute to ongoing discourse on the role of AI in
educational assessment particularly in fields that demand subjective interpretation and creative
sensitivity.

1. Literature Review
1.1. AI in Educational Assessment
The integration of artificial intelligence (AI) into educational assessment practices has become
increasingly prominent, particularly in the humanities and teacher training. Saeed et al. (2025)
examined the implementation of AI-based feedback systems in higher education, highlighting their
capacity to streamline grading processes, reduce workload, and ensure consistency. Their findings
indicate that AI tools can enhance assessment reliability by minimizing subjectivity inherent in human
evaluation.

1.2 Natural Language Processing (NLP) in Translation Studies
Florou (2025) conducted a comparative analysis of advanced digital tools, including natural language
processing (NLP) systems, in teacher training contexts. The study found that while NLP tools are
effective in evaluating syntactic accuracy and providing linguistic analysis, they fall short in assessing
the subtleties of literary translation, such as tone and metaphor. This underscores a key limitation of AI
in evaluating creative and interpretative work. Earlier studies also highlighted these constraints, noting
that NLP lacks the capacity for deep cultural and contextual understanding (Somers, 2003; Van den
Broeck, 1978).
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1.3 AI in Literary Translation
The application of large language models (LLMs) to assess literary translations has been explored by Xu
et al. (2025), who analysed AI’s capacity to evaluate translated texts using automated metrics like BLEU
and METEOR. While these metrics are useful for analysing fidelity and lexical accuracy, the study notes
that they are insufficient for capturing the cultural and emotional dimensions of literary texts. This
critique is consistent with earlier work by Laviosa (2002), who emphasized the challenges of applying
quantitative metrics to literary translation, where interpretative flexibility is key.

1.4 Generative AI in Higher Education
Therón Sánchez et al. (2025) investigated the use of generative AI in multilingual learning environments.
Their research focused on how AI tools can produce parallel texts and assess translations in real time.
Although the AI demonstrated competency in basic semantic assessment, it struggled with evaluating
stylistic decisions and interpretative variations essential to literary expression.

1.5 Ethical and Pedagogical Considerations
Bareh (2025) emphasized the ethical concerns surrounding AI use in the assessment of subjective
academic work. The study critiques the over-standardisation risks associated with AI, which may
compromise interpretive richness and individual creativity—traits particularly valued in literary
translation and the humanities. These concerns were raised in earlier literature regarding the potential
dehumanisation of assessment practices when overly reliant on automation (Popenici & Kerr, 2017).

1.6Translation Quality Evaluation Metrics
Both Xu et al. (2025) and Longo et al. (2025) evaluated translation quality using automated scoring
systems and LLMs. These studies confirmed that while AI can measure formal properties of translation
such as grammar and word choice, it lacks the ability to assess poetic or emotional resonance, a crucial
component in literary translations. Papineni et al. (2002), who developed the BLEU metric,
acknowledged its limitations for evaluating translations involving complex literary forms, which require
more than surface-level accuracy.

1.7 Human Assessment in Literary Translation
Traditional human evaluation of literary translation is typically grounded in a combination of formal
criteria (e.g., accuracy, fluency) and qualitative judgment (e.g., literary style, cultural equivalence, tone).
According to House (2015), human evaluators often use rubrics or holistic scoring guides that account
for aesthetic resonance and faithfulness to the source text’s cultural and emotional nuances. Venuti
(1995) similarly argued that literary translation should be assessed not merely for linguistic correctness
but for how well it “re-creates” the experience of the original. This nuanced human capacity forms a
benchmark against which the effectiveness of AI assessment tools must be measured.

1.8 Correlation Between AI and Human Evaluation
Florou (2025) and Ghasemi et al. (2025) reported moderate to high correlation between AI and human
grading in technical translation tasks. However, in cases involving literary or philosophical content,
human evaluators demonstrated a better grasp of nuance and interpretive intent, resulting in differing
evaluations. These findings suggest the need for hybrid evaluation models that combine AI’s objectivity
with human interpretative depth.

1.9 Machine Learning Models for Grading
Bahçeci et al. (2025) explored how language-based AI systems such as Microsoft Copilot performed in
answering academic queries and grading tasks. While the AI produced technically correct and
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structured answers, it failed to recognize subtle literary references and metaphorical language,
reinforcing the limitations of current AI tools in literary assessment.
Those studies show that there is a growing consensus that AI can support, but not fully replace, human
judgment in literary translation assessment. AI excels in standardizing evaluation and providing
immediate feedback for syntactic and lexical accuracy. However, its limitations in interpreting cultural,
aesthetic, and emotional dimensions highlight the need for complementary human oversight in the
grading of literary texts. As such, the integration of AI in literary translation assessment should be
approached through hybrid models that balance efficiency with interpretive richness.

2. Methodology
2.1 Participants
Nine Master’s students (M1 level) specialising in Literature and Civilizations at the department of letters
and English language, Faculty of Letters, Languages, and Social Sciences, University of Ain Temouchent,
participated in the study. All students were enrolled in the "Literary Translation" module and had
previously completed assignments involving the translation and in-class analysis of Arabic poetry using
a range of techniques. Participation was voluntary, and all students provided informed consent. As the
study was conducted within a regular course activity and involved no intervention beyond standard
instructional practice, it was exempt from formal institutional ethics review.

2.2 Materials
The source text used for this study was Mahmoud Darwish’s poem الحب( هو صغير )كمقهى “Like a Small Café,
That’s Love” in its original Arabic form. A published English version of the poem from Simple Arabic
Poems: Easy to Read (Arabic Language Online) served as a reference translation. The translation
techniques covered in the course, and referenced in this study, included broad strategies such as literal,
free, and adaptive translation, as well as specific procedures like borrowing, calque, transposition,
modulation, and equivalence.

2.3 Procedure
Each student was given the Arabic poem and instructed to produce an English translation within one
hour. They worked individually, without access to digital tools, dictionaries, or external assistance,
simulating a controlled, in-class testing environment. Their translations were handwritten to maintain
authenticity and uniformity.
For manual assessment, the instructor compared each student’s translation with both the original Arabic
text and the published English reference. Evaluation was based on four primary criteria: accuracy,
fluency and style, completeness, and grammar and mechanics. Each criterion contributed to a score on a
20-point scale. The instructor recorded comments and preliminary scores on handwritten evaluation
sheets and annotated the student work directly.
The AI-based assessment was conducted using GPT-4-mini (OpenAI, 2025), a lightweight variant of the
GPT-4 large language model. Scanned images of each handwritten student translation were input into
the system. The AI was prompted to extract the student’s name and translated text, assess the translation
using the same four criteria applied by the instructor, assign a score out of 20, and generate a brief
justification for each score.
Following this, the instructor reviewed both the AI's output and the original manual annotations to
finalise the grades. These final scores, informed by both sources, were recorded as the definitive grades
for analysis in the study.
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2.4 Data Analysis
To evaluate agreement between human and AI assessments, inter-rater reliability was calculated using
Cohen’s kappa (κ). This statistical measure allowed the researchers to quantify the consistency between
the instructor’s preliminary grades and those produced by the AI system.
In instances where the scores assigned by the AI differed from the instructor's preliminary grades by
three points or more, a qualitative discrepancy analysis was conducted. This involved reviewing the AI-
generated justifications and the instructor’s comments to identify specific translation elements such as
misuse of modulation or misinterpretation of metaphor that may have contributed to the disagreement.
Finally, the translations were coded according to the types and frequency of translation techniques used.
A correlation analysis was conducted to determine whether the application of particular strategies (e.g.,
use of calques or modulation) was associated with higher or lower AI-generated scores.

3. Results
This section presents the outcomes of the comparison between AI-assigned grades and the final grades
given by the instructor for nine Master’s students who translated an Arabic literary text. The analysis
focuses on overall score differences, the correlation between grading sources, and patterns in score
divergence. The aim was to assess whether the AI evaluation system could replicate or approximate the
human instructor’s grading in a meaningful and pedagogically reliable way.

3.1 Comparison of AI and Instructor Grades
Table 1 provides a detailed comparison of grades assigned by the AI system and those assigned by the
instructor. The instructor's final grades were determined after reviewing the AI-generated feedback
alongside their initial manual remarks. Across all nine students, the AI assigned consistently lower
scores, with an average grade of 9.0 out of 20. In contrast, the instructor's average grade was 16.5. The
average difference was +7.1 points in favour of the instructor scores.

Table 1: Comparison of AI and Instructor Grades
Student ID AI Grade (out of 20) Instructor Grade (out of 20) Difference (Instructor – AI)

1 8 15 +7
2 6 16 +10
3 7 17.5 +10.5
4 5 16 +11
5 6 16 +10
6 8 13 +5
7 14 18 +4
8 12 18 +6
9 15 19 +4
Source: Mean AI grade = 9.0. Mean instructor grade = 16.5. Mean difference = +7.1

3.2 Correlation Analysis
A Pearson product-moment correlation coefficient was calculated to assess the relationship between AI-
assigned and instructor-assigned grades. The result indicated a moderate positive correlation, r =0 .64,
p < 0.05, suggesting that students who received higher grades from the AI also tended to receive higher
grades from the instructor. However, the AI consistently assigned lower absolute values, demonstrating a
more conservative grading tendency.
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3.3 Pattern of Discrepancies
The data revealed two notable trends. First, in every case, the AI assigned lower grades than the
instructor, confirming a systematic underestimation. The largest differences, ranging from 10 to 11
points, occurred among mid-range performers (Students 2 through 5).

Figure 1: AI-Based Evaluation Breakdown of a Student’s Literary Translation Using a 20-Point Rubric

Source: OpenAI ChatGPT (GPT-4-mini), evaluation of student translation, May 2025

Second, the smallest discrepancies (4 to 6 points) were observed among the top three students (Students
7 through 9), indicating greater convergence between AI and instructor evaluations at higher
performance levels. This pattern implies that while the AI may not align with human evaluation in
absolute terms, it still captures relative ranking effectively.

4. Discussion
This study highlights both the potential and the current limitations of AI-assisted grading in higher
education settings, specifically within the domain of literary translation. The following subsections
examine key themes and issues that emerged during the analysis, including technical constraints,
scoring consistency, and implications for teaching practice.

4.1 Name Recognition and Input Quality
The instructor observed that the AI occasionally produced incorrect or fabricated student names when
analysing the scanned handwritten translations. These errors likely stemmed from optical character
recognition (OCR) limitations, particularly when faced with poor handwriting or uneven scan quality.
Such mistakes pose serious risks for fairness and data integrity. Future systems should implement a pre-
processing validation step that checks extracted names against a verified class list or, alternatively,
adopt digital text submissions to reduce dependence on OCR altogether.

4.2 Systematic Underestimation and Calibration Needs
The AI assigned lower scores across all cases, with an average underestimation of 7.1 points compared to
the instructor's grades. While this suggests a bias toward stricter grading particularly in areas such as
fluency, idiomatic expression, and mechanical accuracy the moderate correlation (r =0 .64) indicates
that the AI captured the general ranking of student performance reasonably well. This supports the idea
that AI systems may be useful as diagnostic tools or as secondary graders. However, calibration is
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essential. Adjusting the weight of specific criteria or fine-tuning the grading rubric to reflect literary
nuances could improve alignment with instructor expectations.
The hypothesis proposed that AI-based evaluation systems can reliably assess literary translations,
yielding results that are consistent with those obtained through traditional human grading methods. The
findings offer partial support for this claim. On one hand, the moderate positive correlation (r = 0.64)
between AI and instructor-assigned grades suggests that the AI system was effective in capturing the
relative performance of students. On the other hand, the consistent underestimation of scores by the AI
averaging 7.1 points lower than the instructor’s grades indicates a significant divergence in absolute
scoring. This suggests that while the AI system may be a useful tool for comparative ranking or formative
feedback, it does not yet reliably match human evaluation in summative grading for literary translation
tasks. Therefore, the hypothesis is not confirmed, highlighting the need for calibration and human
oversight in high-stakes assessment contexts.

4.3 Implications for Pedagogy and Fairness
Automating portions of the grading process could reduce faculty workload and provide more immediate
feedback to students. Nevertheless, fairness remains a concern. If AI graders penalize non-standard
idiomatic usage or fail to appreciate adaptive cultural strategies, certain students especially those with
creative or unconventional approaches may be unfairly evaluated. Integrating AI into literary assessment
must therefore include human oversight, especially for subjective tasks where interpretation, tone, and
cultural sensitivity are central to the evaluation.

4.4 Limitations and Future Directions
Several limitations of this study should be acknowledged. First, variability in handwriting likely
contributed to OCR errors, including the misidentification of student names and misinterpretation of
content. Requiring typed submissions would improve input consistency. Second, the rubric used in this
study emphasized accuracy, fluency, completeness, and mechanics but did not fully address stylistic
innovation or creative transposition key elements in literary translation. Expanding the evaluation
criteria to include poetic or cultural sensitivity could enhance the depth of AI assessment. Finally, with a
sample size of only nine participants, the findings are preliminary. Future research should involve larger,
more diverse cohorts across different literary genres and levels of translation expertise to validate and
refine the conclusions drawn here.

Conclusion
This study evaluated the effectiveness of an AI-based grading system in assessing literary translations
produced by Master’s students in a higher-education context. The AI tool demonstrated moderate
reliability in ranking student performance, as evidenced by a positive correlation with instructor-
assigned grades. However, it systematically underestimated student achievement and struggled with
input-related errors, particularly when processing handwritten submissions.
These findings suggest that while AI can assist in providing consistent and rapid feedback, it is not yet
suitable as a standalone evaluator for literary translation, where nuanced interpretation, creativity, and
contextual sensitivity are critical. The hypothesis that AI could reliably assess literary translations in a
manner consistent with traditional human grading was only partially supported and not entirely
confirmed.
To improve the validity and fairness of AI-assisted assessment, future research should include larger
samples, broaden evaluation rubrics to account for adaptive and poetic strategies, and reduce
dependence on OCR by using digital submissions. When carefully calibrated and used in tandem with
human judgment, AI holds significant potential to enhance assessment practices in translation pedagogy.
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Appendices:
Sample of a student’s translation before manual translation


