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ABSTRACT 
 
Artificial intelligence (AI) tools such as ChatGPT have significantly advanced machine translation, yet their 
performance in low-resource language pairs, particularly English–Malay, lags behind. While existing studies have 
compared AI and human translation quality, most have relied on academic assessment frameworks, leaving a gap in 
evaluating AI translation through professional certification standards. From a professional standpoint, translation 
competence is most reliably assessed through formal certification frameworks that combine analytic rubrics, 
performance descriptors, and expert judgment. To determine whether AI systems can perform at a professional 
standard, they must be evaluated using the same criteria applied to human translators. This pilot study addresses that 
gap by benchmarking ChatGPT’s English–Malay translation performance against a novice and a professional 
translator using the National Accreditation Authority for Translators and Interpreters (NAATI) Certified Translator 
examination framework. Thirteen professional raters from the Malaysian Translators Association assessed the 
translations based on Meaning Transfer, Textual Norms and Conventions, and Language Proficiency. Findings 
revealed a clear performance hierarchy—Professional Translator > ChatGPT > Novice Translator—indicating that 
while ChatGPT achieved near-professional competence in fluency and meaning accuracy, it remained limited in 
idiomatic precision and cultural adaptation. The study highlights ChatGPT’s potential as an assistive tool for 
translation and training, while reaffirming the need for human oversight. It also validates the NAATI framework as a 
robust benchmark for evaluating AI translation quality. As AI models continue to evolve, future research involving 
larger translator samples and a wider range of language pairs is essential to evaluate ongoing progress and ensure 
the responsible integration of AI translation into professional practice. 
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INTRODUCTION 
 
Artificial Intelligence (AI) has transformed translation practices through rapid advances in Neural 
Machine Translation (NMT) and Large Language Models (LLMs). Tools such as ChatGPT have 
demonstrated remarkable fluency, contextual awareness, and stylistic adaptability, narrowing the 
gap between human and machine translation (Belgacem et al., 2023; Chowdhury & Haque, 2023; 
Keshamoni, 2023; Kumar et al., 2024). Yet, despite these advancements, questions persist 
regarding whether AI systems can perform at a level comparable to professional translators.  

Most comparative studies of AI translation have focused on major language pairs well 
represented in large language model (LLM) training data, such as English–Spanish, English–
Chinese and English–Arabic (e.g., Johnson & Kathirvel, 2025), while low-resource combinations, 
such as English–Malay, which receive far less training data, remain underexplored. This research 
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gap is significant, as Malay presents distinctive linguistic and cultural challenges that can test the 
limits of AI translation systems. Moreover, existing evaluations have primarily relied on academic 
or linguistic criteria and automated metrics (e.g., Alkhawaja, 2024), overlooking how AI 
translation would perform when measured against professional certification standards. To our 
knowledge, no published study has systematically assessed AI translation performance using an 
established professional assessment framework. In Malaysia, English-Malay translation serves 
vital roles across education, administration, trade, and intercultural communication, making it an 
ideal context for evaluating the performance of AI-based translation tools. A core concern in this 
emerging area is that AI-generated translations, while often impressively fluent, may still fall short 
in conveying cultural nuance, pragmatic intent, and the level of professional adequacy required in 
real-world practice. These shortcomings have significant implications for the responsible 
integration of AI into professional workflows, where accuracy, accountability, and cultural 
appropriateness remain paramount. 

The National Accreditation Authority for Translators and Interpreters (NAATI) framework, 
internationally recognised for its rigour, fairness, and strong alignment with professional standards, 
provides a suitable benchmark for assessing translation competence beyond surface-level fluency. 
Addressing the current gap in AI translation research, this study benchmarks ChatGPT’s English–
Malay translation performance against both a novice translator and a qualified professional 
translator using NAATI’s Certified Translator rubric. By applying a formal certification framework 
rather than academic assessment tools, the study offers a new methodological lens for evaluating 
AI translation quality. In doing so, it bridges academic inquiry and industry expectations, 
generating insights that are directly relevant to professional evaluation practices and the evolving 
role of AI in translation. 

 
 

AI TRANSLATION PERFORMANCE 
 
Recent advancements in Artificial Intelligence (AI), mostly observed through Neural Machine 
Translation (NMT) and Large Language Models (LLMs), have revolutionised machine translation 
by enhancing accuracy, fluency, and accessibility across diverse applications (Awashreh & 
Aboeisheh, 2025; de los Reyes Lozano & Mejías-Climent, 2023; Łukasik, 2024; Siu, 2024; Tanni, 
2025). NMT has surpassed earlier Statistical Machine Translation (SMT) systems, offering 
improved semantic precision and better handling of idiomatic expressions, although challenges 
persist in capturing cultural and contextual subtleties (Alkhatnai, 2025; Ozyumenko & Larina, 
2025; Tanni, 2025). 

The rise of LLMs has further expanded AI translation’s potential by generating context-
sensitive and stylistically nuanced output (Hassani et al., 2025; Lee, 2024; Siu, 2024). These 
models have shown particular promise in creative translation domains such as literary and 
audiovisual translation, where tone, style, and voice fidelity are essential (de los Reyes Lozano & 
Mejías-Climent, 2023). Widely available tools like Google Translate, DeepL, and especially 
ChatGPT have democratised translation access, enabling multilingual communication and 
collaboration on an unprecedented scale (Alkhatnai, 2025; Awashreh & Aboeisheh, 2025; Moneus 
& Sahari, 2024). Nonetheless, idiomatic language, cultural nuance, and ethical concerns continue 
to challenge AI-based translation systems, reinforcing the importance of human oversight (Amaro 
& Zhang, 2025; Tanni, 2025). 
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CHATGPT AS A TRANSLATION TOOL 
 
Among AI tools, ChatGPT has become one of the most widely used models, owing to its 
accessibility, versatility, and generative capacity (Rustici, 2025). Built on transformer architecture 
and deep learning, ChatGPT represents a major step forward in AI translation by producing 
contextually coherent and semantically rich outputs. Its attention mechanisms and tokenisation 
processes enhance contextual understanding and generative flexibility, allowing it to handle 
complex linguistic structures effectively (Belgacem et al., 2023; Chowdhury & Haque, 2023; 
Keshamoni, 2023; Kumar et al., 2024). However, despite strong grammatical and structural 
performance, the model still struggles with nuanced, culturally embedded, and domain-specific 
language, often reflecting biases within its training data (Alomari, 2024; Alshalan, 2025; Bansal 
et al., 2024; Qamar et al., 2024). Recent developments, particularly self-attention mechanisms and 
reinforcement learning from human feedback, have refined its contextual comprehension and long-
range dependency management, positioning ChatGPT as a milestone in natural language 
understanding, though continued improvement is required to address bias and interpretive 
limitations (Bansal et al., 2024; Bhattacharya et al., 2024).  

Empirical studies examining ChatGPT’s translation performance across multiple language 
pairs reveal a pattern of notable progress alongside persistent limitations. Research on relatively 
high-resource combinations, such as English–Spanish, English–Chinese, and English–Arabic, 
shows that ChatGPT consistently produces coherent, fluent, and contextually appropriate 
translations, yet it continues to struggle with idiomatic expressions and culturally nuanced 
meanings (Johnson & Kathirvel, 2025). In the English–Arabic and Arabic–English directions, the 
model demonstrates strong semantic fidelity and handles specialised terminology reasonably well, 
but it frequently fails to capture tone, emotion, and other pragmatic subtleties (Alkhawaja, 2024; 
Al-Khresheh, 2025; Farghal & Haider, 2025). Further evidence suggests that ChatGPT tends to 
rely on meaning-oriented, semantic translation strategies rather than literal rendering (Darawsheh 
et al., 2025), a tendency that can be effective for general comprehension but may not always align 
with stylistic or cultural expectations. 

In domain-specific contexts and particularly in lower-resource language combinations, 
ChatGPT’s performance tends to decline, revealing more pronounced limitations at both the lexical 
and syntactic levels. In English–Chinese and Chinese–English legal translation, for example, the 
model underperforms in the English-to-Chinese direction, exposing weaknesses in its encoding 
capabilities (Ding, 2024). Meanwhile, in German–Slovak financial translation, ChatGPT generally 
maintains coherence but struggles with specialised terminology and the accurate rendering of 
compound nouns (Kalaš, 2025). Studies involving other relatively low-resource pairs, such as 
Chinese–Portuguese and Indonesian–English, report comparable outcomes: although the model 
can produce fluent output and demonstrates some cross-cultural adaptability, it continues to exhibit 
inconsistencies in lexical precision, terminological accuracy, and syntactic structure (Jiang et al., 
2024; Sutrisno, 2025). 

When compared with traditional machine translation systems such as Google Translate, 
ChatGPT generally delivers more natural-sounding translations and tends to require less post-
editing, particularly in Arabic–English contexts (Alafnan, 2025). Translation quality can be 
improved further through prompt engineering, where domain-specific instructions and contextual 
cues enhance accuracy and adaptability in specialised tasks (Gao et al., 2024; Peng et al., 2023). 
Despite these advantages, significant challenges remain. ChatGPT frequently mismanages 
idiomatic and culturally specific expressions, underperforms in low-resource language pairs, and 
occasionally produces hallucinated or factually inaccurate content (Peng et al., 2023; Saehu & 
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Hkikmat, 2025). These limitations highlight the need for continued human oversight to safeguard 
cultural and contextual appropriateness in professional translation practice (Algaraady & 
Mahyoob, 2025). 

Consequently, scholars increasingly advocate for hybrid human–AI translation models that 
combine ChatGPT’s fluency and speed with human translators’ contextual judgment and cultural 
competence. Such collaborative frameworks are being refined to enhance translation quality, 
consistency, and domain adaptability across professional and academic settings (Alafnan, 2025; 
Wang et al., 2024). 
 
 

TRANSLATION QUALITY ASSESSMENT METHODOLOGIES 
 
The earliest form of Translation Quality Assessment (TQA), known as intuitive assessment, relied 
mainly on assessors’ subjective impressions and personal experience (Eyckmans et al., 2012). 
Although grounded in mentalist and neo-hermeneutic traditions that value individual 
interpretation, this approach lacked objectivity, consistency, and replicability, limiting its 
usefulness for systematic evaluation (House, 2014). 

To address these limitations, error analysis emerged as a more structured approach. It 
evaluates translations by identifying and classifying errors according to type, severity, and weight 
(Martínez Melis & Hurtado Albir, 2001; Waddington, 2001a). Models such as the error-to-scale 
transformation (EST) and the error-penalisation/points-deduction (EPPD) systems were developed 
to enhance consistency in scoring (Williams, 2001, 2004). However, despite its clearer structure, 
error analysis remains partly subjective because error categories and weightings still depend on 
assessor judgement (Colina, 2008; Jiménez-Crespo, 2011). It is also time-consuming and tends to 
focus narrowly on linguistic accuracy. Nevertheless, it marked an important shift toward more 
systematic, evidence-based TQA (Martínez Mateo, 2014). 

In the early 21st century, corpus-based evaluation gained traction. This method uses 
reference corpora and concordance tools to assess how well a translation aligns with authentic 
language use, particularly in terms of lexical and phraseological choices (Bowker, 2000, 2001; 
Jiménez-Crespo, 2009, 2011). Statistical methods, such as those developed by De Sutter et al. 
(2017), improved the objectivity of assessments. However, corpus-based methods require 
substantial technical expertise, making them more suitable as a complement to—rather than a 
replacement for—human evaluation. 

Alongside these developments, rubric-referenced (scale-based) scoring emerged as an 
alternative to the reductionism of error analysis (Angelelli, 2009; Colina, 2008, 2009; Waddington, 
2001a, 2001b, 2003). Rubrics use structured rating scales with clearly defined performance bands, 
allowing assessors to evaluate not only linguistic accuracy but also functional adequacy and 
pragmatic effectiveness. Research shows that rubric scoring correlates strongly with error analysis 
and produces high reliability (Lai, 2011; Turner, Lai, & Huang, 2010). Still, some concerns remain 
about the psychometric soundness of rubric descriptors, which are often theoretically rather than 
empirically derived (Clifford, 2007; Martínez Mateo et al., 2017;). Even so, rubric scoring 
represents a significant methodological shift toward holistic, top-down translation assessment. 

To balance analytical precision with broader evaluative insight, several advanced 
Translation Quality Assessment (TQA) methods have emerged. Mixed-methods scoring combines 
error analysis and rubric-based evaluation—often using 70/30 or 50/50 weightings—to improve 
both reliability and comprehensiveness (Amini, 2018; Waddington, 2001a, 2001b). Building on 
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this, item-based assessment applies psychometric principles by treating translation errors as 
statistically testable items, as in the Calibration of Dichotomous Items (CDI) model (Eyckmans et 
al., 2009). A streamlined version, the Preselected Item Evaluation (PIE) method, focuses on key 
text segments but offers reduced coverage and weaker empirical validation (Eyckmans & 
Anckaert, 2017; Kockaert & Segers, 2017). 

Finally, automated metrics such as BLEU and METEOR offer cost-effective large-scale 
evaluation (Chung, 2020; Yating et al., 2025). Although they correlate with human judgments 
overall, reliability declines at the sentence level and in capturing semantic nuance (Gladkoff & 
Han, 2022; Tan et al., 2015). While automation enhances efficiency, human assessment remains 
the gold standard, ensuring contextual, cultural, and communicative accuracy (Graham et al., 2013; 
Nuriev & Egorova, 2021). 
 
 

NAATI PROFESSIONAL ASSESSMENT 
 
Building on the evolution of Translation Quality Assessment (TQA) methodologies, professional 
certification systems must balance theoretical soundness with practical demands for validity, 
reliability, transparency, and fairness. In high-stakes contexts such as translator certification, 
assessment frameworks need to evaluate competence accurately while ensuring consistency and 
procedural defensibility. Among available TQA models, rubric-based analytic scoring has emerged 
as the most practical and defensible choice (Angelelli, 2009). Unlike error-deduction methods, 
which are granular and time-intensive, or corpus- and psychometric approaches, which require 
complex technical resources, rubric-based assessment combines structure with professional 
judgment. It uses explicit, criterion-referenced descriptors that support both inter-rater reliability 
and holistic evaluation of performance—capturing linguistic accuracy, communicative 
effectiveness, and functional adequacy. 

This approach has gained prominence in professional certification contexts. The National 
Accreditation Authority for Translators and Interpreters (NAATI) in Australia provides a 
representative example of its effective application (NAATI, 2012, 2024). Recognised 
internationally for its rigorous and comprehensive certification framework (Sulaiman et al., 2024), 
NAATI’s system exemplifies how rubric-based models can balance methodological rigour with 
operational practicality. Its standards-based, analytic framework, revised in 2024, evaluates 
translation performance holistically against qualitative criteria rather than deducting points for 
individual errors (NAATI, 2024). This allows assessors to measure candidates’ ability to convey 
meaning accurately, adhere to genre conventions, and demonstrate idiomatic proficiency. 
 

NAATI’S TQA RUBRIC 
 
NAATI’s Certified Translator rubric (see Appendix) applies to the translation of a non-specialised 
text task and assesses performance across three key criteria, grouped under two overarching 
domains: Transfer Competency and Language Competency. These criteria are coded A, C, and D.1 
And defined as follows: 

 
1 The previous “Criterion B – Follow Brief” was merged into “Criterion C – Application of Textual Norms and Conventions” 
during the 2024 revision of the rubric to streamline assessment and reduce redundancy. The letter sequence (A–D) has been retained 
for consistency across NAATI’s credentialing suite and to maintain comparability with historical data and examiner training 
materials. 
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• Criterion A – Meaning Transfer: Evaluates the translator’s ability to convey both the intent 
and the content of the source message accurately and consistently. 

• Criterion C – Application of Textual Norms and Conventions: Assesses control of register, 
style, structure, and terminology appropriate to the genre, audience, and purpose of the target 
text. 

• Criterion D – Language Proficiency Enabling Meaning Transfer: Examines written command 
of the target language, including grammar, syntax, lexical precision, and idiomatic usage. 

 
 Each criterion is rated on a five-band scale (Band 1 = highest, Band 5 = lowest). To meet 
certification standards, candidates must achieve at least Band 2 or above for Criteria A and D, and 
Band 3 or above for Criterion C. These thresholds represent the minimum level of professional 
competence expected of a certified translator in Australia (see Appendix). 

Although numerous studies have evaluated AI translation performance, most have focused 
on high-resource language pairs that are well represented in large language model (LLM) training 
data. In contrast, low-resource combinations such as English–Malay, which receive far less 
training data, remain underexplored. Furthermore, existing evaluations have predominantly relied 
on academic or linguistic assessment criteria, rather than the professional standards used in 
certification contexts. Yet from a professional standpoint, translation competence is most reliably 
judged through formal certification frameworks that integrate analytic rubrics, performance 
descriptors, and expert human judgment. If the question is whether AI systems can operate at a 
professional level, they must be evaluated using the same criteria applied to human translators. 

This study responds to that gap by adopting the NAATI Certified Translator (CT) 
assessment framework, which offers a well-recognised and robust rubric-based system for 
evaluating translation competence. The TQA literature demonstrates that although numerous 
assessment methods exist, rubric-based analytic scoring has emerged as the most practical, 
reliable, and defensible approach for professional certification, balancing structured criteria with 
expert judgement. NAATI’s framework reflects these strengths: it uses clear performance 
descriptors, focuses on meaning transfer, textual norms, and language proficiency, and has been 
validated through long-standing professional practice. ChatGPT is selected as the AI system for 
analysis because prior research shows that it can handle complex linguistic structures, contextual 
nuances, and stylistic variation with a level of fluency that surpasses earlier AI models. Building 
on this foundation, the present study evaluates ChatGPT’s English–Malay translation using 
NAATI’s framework and compares the results with those of a qualified professional and a novice 
translator. By situating AI translation within an established professional standard, the study directly 
examines whether ChatGPT’s output aligns with, approximates, or diverges from the competence 
expected of certified human translators—addressing a critical gap in current AI translation 
research. 

 
 

METHODOLOGY 
 

RESEARCH DESIGN 
 
This study employed a comparative evaluation design to benchmark ChatGPT’s English–Malay 
translation performance against human translators of differing experience levels, using NAATI’s 
professional assessment framework. The research comprised four key components: the source text, 
translation agents, raters, and the evaluation framework. The source text was a 250-word English 
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passage selected to meet the NAATI Certified Translator examination specifications. It represented 
a non-specialised text designed for a general educated readership. 

Three translation agents were included: a novice translator, a professional translator, and 
ChatGPT. The novice translator was an undergraduate student enrolled in a university-level 
translation course, while the professional translator was a qualified English–Malay translator with 
over ten years of industry experience. ChatGPT-4o (hereafter ‘ChatGPT’), the most advanced 
version of ChatGPT available at the time of the study, represented a state-of-the-art large language 
model. The inclusion of these three agents enabled a comparative analysis across a continuum of 
translation competence—machine, novice, and expert—providing insight into ChatGPT’s 
performance relative to human standards. It should be noted that the study involved only one 
novice and one professional translator and thus does not seek to generalise results to all human 
translators. Rather, it serves as a pilot benchmarking exercise, using exemplar performances to 
explore how NAATI’s professional certification framework can be applied to AI-generated 
translations. 

Thirteen professional English–Malay translators, all registered members of the Malaysian 
Translators Association (MTA), participated as raters. An open call was distributed to MTA 
members, and thirteen volunteers with a minimum of five years of professional experience were 
selected. This ensured sufficient subject-matter expertise and supported reliability in judgment 
across raters. Translation quality was assessed using NAATI's Certified Translator Assessment 
Rubric, comprising three evaluation components: A: Meaning transfer, C: Application of textual 
norms and conventions, and D: Language proficiency enabling meaning transfer. This rubric was 
chosen because NAATI is widely recognised for its rigorous and comprehensive certification 
framework. 
 

RESEARCH PROCEDURE 
 
The study followed a standardised three-phase procedure: translation, rating, and data analysis. 
 
Phase 1: Translation task 
The human translators completed the translation task under controlled conditions that closely 
simulated the NAATI certification examination environment. They were not permitted to use 
external tools such as machine translation systems or online dictionaries beyond standard reference 
materials typically allowed in professional settings. For the ChatGPT translation, the same source 
text was input into ChatGPT using a structured prompt: “Act as a professional English–Malay 
translator. Translate the attached news article on Afghanistan’s narcotic problem from English into 
Malay for a general Malay-speaking audience”. To ensure optimal performance, the prompt was 
used in three independent sessions to generate three versions of the translation. The version judged 
to be the most natural and accurate by an English–Malay translation expert was selected for 
evaluation. 
 
Phase 2: Rater briefing and assessment 
Before assessing the translations, all raters attended an online briefing session on the application 
of the NAATI Certified Translator Assessment Rubric to ensure uniform interpretation of rating 
criteria. Each rater was then provided with three anonymised translations (ChatGPT, novice, and 
professional), coded to conceal their identities and sources. Raters were instructed to evaluate all 

http://doi.org/10.17576/3L-2025-3104-17


3L: Language, Linguistics, Literature® The Southeast Asian Journal of English Language Studies 
Vol 31(4), December 2025 http://doi.org/10.17576/3L-2025-3104-17 

266 

translations independently within 48 hours of the briefing session, applying the rubric without 
consultation with other participants. 
 
Phase 3: Analysis of Findings 
The third phase focused on the quantitative analysis of the assessment results. Data from the 
thirteen raters were compiled for each translation agent—novice translator, professional translator, 
and ChatGPT—across the three NAATI rubric components: (A) Meaning Transfer, (C) Textual 
Norms and Conventions, and (D) Language Proficiency Enabling Meaning Transfer. 
 Descriptive statistics, including mean, variance, and standard deviation, were calculated to 
summarise the central tendencies and variability of scores for each component and translation 
agent. These measures provided insight into the overall performance pattern, distinguishing 
between consistent strengths and weaknesses across the three evaluative dimensions. Lower mean 
scores reflected higher translation quality, as Band 1 represented the highest and Band 5 the lowest 
performance. Inter-rater reliability was examined using Fleiss’ Kappa to examine consistency 
among the 13 evaluators. 
 
 

FINDINGS 
 

INITIAL RESULTS 
 
Initial results based on the full set of 13 raters indicated that the professional translator achieved a 
pass rate of 76.9% (10/13), ChatGPT 53.8% (7/13), and the novice translator 30.8% (4/13). 
Descriptive statistics showed a clear performance hierarchy, though with moderate variability in 
ratings (see Figure 1).  

 

 
 

FIGURE 1. Initial results - Pass rate by translator type 
 
 

http://doi.org/10.17576/3L-2025-3104-17


3L: Language, Linguistics, Literature® The Southeast Asian Journal of English Language Studies 
Vol 31(4), December 2025 http://doi.org/10.17576/3L-2025-3104-17 

267 

Inter-rater reliability was calculated using Fleiss’ Kappa (κ) for categorical Pass/Fail 
outcomes across 13 raters. Results indicated substantial agreement for the professional translator 
(κ = 0.62), moderate agreement for ChatGPT (κ = 0.47), and fair agreement for the novice 
translator (κ = 0.34)2. These findings indicate that raters exhibited substantial consistency in 
evaluating the professional translator’s performance, whereas their assessments of ChatGPT and 
the novice translator were more variable. 

However, closer examination revealed anomalies in the scoring patterns of three raters (R3, 
R8, and R10), whose evaluations deviated notably from the consensus of the other ten raters. Their 
ratings were inconsistent with the overall trend in which the professional translator typically 
outperformed both the novice translator and ChatGPT. A particularly notable anomaly was 
observed in the ratings of R3 and R8, both of whom assigned failing scores to the professional 
translator while passing the novice translator, contrary to the strong consensus among the other 
eleven raters (see Table 1). This pattern could not be explained by differences in the evaluators’ 
judgment of translation quality but was most plausibly due to a misinterpretation of the band scale. 
Under the NAATI Certified Translator assessment framework, Band 1 represents the highest level 
of performance and Band 5 the lowest. However, it appears that R3 and R8 may have reversed this 
hierarchy, assuming Band 1 was the lowest and Band 5 the highest. This inversion was consistent 
across their scoring patterns, with both raters systematically assigning higher band numbers to 
stronger translations and lower band numbers to weaker ones. 
 

TABLE 1. Initial results - Scores given by raters for components A, C, D and NAATI Pass Classification 
 

Rater Professional Translator ChatGPT-4o Novice Translator 
A C D Pass/Fail A C D Pass/Fail A C D Pass/Fail 

R1 2 2 2 Pass 3 3 3 Fail 4 4 4 Fail 
R2 1 2 2 Pass 1 2 2 Pass 2 3 2 Pass 
R3 3 2 3 Fail 3 3 4 Fail 1 2 2 Pass 
R4 2 1 2 Pass 1 1 2 Pass 2 3 3 Fail 
R5 1 1 1 Pass 2 3 3 Fail 3 4 4 Fail 
R6 1 1 1 Pass 1 2 1 Pass 2 3 2 Pass 
R7 2 2 2 Pass 3 3 2 Fail 4 4 4 Fail 
R8 4 3 4 Fail 4 3 3 Fail 2 2 2 Pass 
R9 1 1 1 Pass 2 3 2 Pass 3 3 3 Fail 
R10 3 4 5 Fail 1 1 2 Pass 2 4 4 Fail 
R11 1 1 2 Pass 2 3 2 Pass 4 4 3 Fail 
R12 1 1 1 Pass 1 2 1 Pass 3 3 2 Fail 
R13 1 1 1 Pass 3 3 3 Fail 4 4 4 Fail 

 
When their results were reinterpreted according to the correct band orientation, their 

evaluations aligned closely with the majority of raters, restoring the expected performance 
hierarchy among the three agents. This confirms that the anomaly was procedural rather than 
interpretive, arising from a misunderstanding of the rubric’s scoring direction rather than from 
differences in evaluative judgment. 

 

 
2 Fleiss’ Kappa (κ) quantifies how consistently raters agree beyond what would be expected by chance. It ranges from: 
< 0.20 → slight agreement 
0.21–0.40 → fair agreement 
0.41–0.60 → moderate agreement 
0.61–0.80 → substantial agreement 
0.81–1.00 → almost perfect agreement 
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Rater 10 exhibited an inconsistent scoring pattern, showing an unexpected reversal in 
performance hierarchy. Although both the novice and professional translators were rated below the 
passing threshold, the ratings suggested that the novice translator outperformed the professional 
translator — a result that contradicts the general consensus among the other raters. Overall, these 
three raters (R3, R8, and R10) were identified as outliers. As these anomalies likely reflect 
procedural rather than evaluative errors, their data were excluded from subsequent quantitative 
analyses to preserve the integrity and validity of the dataset. 
 

OUTLIER-ADJUSTED RESULTS 
 
After excluding the anomalous data provided by the three outliers (R3, R8, and R10) to ensure 
data integrity, the ratings were reanalysed to obtain a more accurate assessment. The reanalysis 
revealed that the professional translator achieved a perfect pass rate of 100% (10/10), while 
ChatGPT attained a 60% (6/10) pass rate, and the novice translator achieved 20% (2/10) (see 
Figure 2 and Table 2).  

 

 
 

FIGURE 2. Outlier-adjusted results - Pass rate by translator type 
 

TABLE 2. Outlier-adjusted results - Scores given by raters for components A, C, D and NAATI Pass Classification 
 

Rater Professional Translator ChatGPT-4o Novice Translator 
 A C D Pass/Fail A C D Pass/Fail A C D Pass/Fail 

R1 2 2 2 Pass 3 3 3 Fail 4 4 4 Fail 
R2 1 2 2 Pass 1 2 2 Pass 2 3 2 Pass 
R4 2 1 2 Pass 1 1 2 Pass 2 3 3 Fail 
R5 1 1 1 Pass 2 3 3 Fail 3 4 4 Fail 
R6 1 1 1 Pass 1 2 1 Pass 2 3 2 Pass 
R7 2 2 2 Pass 3 3 2 Fail 4 4 4 Fail 
R9 1 1 1 Pass 2 3 2 Pass 3 3 3 Fail 
R11 1 1 2 Pass 2 3 2 Pass 4 4 3 Fail 
R12 1 1 1 Pass 1 2 1 Pass 3 3 2 Fail 
R13 1 1 1 Pass 3 3 3 Fail 4 4 4 Fail 
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Inter-rater reliability, measured using Fleiss’ Kappa, showed perfect agreement among 
raters for the professional translator’s output, indicating unanimous recognition of professional 
competence. The ChatGPT translation achieved a Kappa of 0.07, reflecting slight agreement and 
diverse rater opinions on its adequacy for certification, while the novice translator scored 0.21, 
showing fair agreement and more consistent recognition of its limitations. Consequently, inter-
rater reliability improved substantially, indicating stronger agreement and consistency among the 
remaining ten raters. This adjustment ensured that the subsequent statistical analyses accurately 
reflected true evaluative consensus rather than procedural variation. Overall, raters demonstrated 
strong consensus in identifying professional-level quality, while their evaluations of the AI and 
novice translations were less consistent. 
 

ANALYSIS OF MEAN, VARIANCE AND STANDARD DEVIATION (AFTER EXCLUDING OUTLIERS) 
 
Descriptive statistics, including the mean, variance, and standard deviation, were then computed 
for each component and translation agent to examine performance trends and consistency. The 
results are summarised in Table 3 below. 
 

TABLE 3. Mean, variance, and standard deviation of the assessment components 
 

Component Statistics Professional ChatGPT Novice 
A (Meaning Transfer) Mean 1.30 1.90 3.10 

Variance 0.04 0.69 0.69 
Std. Deviation 0.19 0.83 0.83 

C (Textual Norms & Conventions) Mean 1.30 2.5 3.50 
Variance 0.21 0.45 0.25 

Std. Deviation 0.46 0.67 0.50 
D (Language Proficiency) Mean 1.50 2.10 3.10 

Variance 0.25 0.49 0.69 
Std. Deviation 0.50 0.70 0.83 

 
PROFESSIONAL TRANSLATOR 

 
The professional translator consistently received the highest ratings across all components, with 
mean scores ranging from 1.3 to 1.5. For Meaning Transfer (A), the mean of 1.3 and very low 
variance (0.04) indicate strong agreement among raters that the translation conveyed the source 
text's meaning accurately and naturally. In Textual Norms and Conventions (C), the mean of 1.3 
and variance of 0.21 similarly show that raters perceived the translation as stylistically appropriate, 
well-structured, and aligned with professional norms. For Language Proficiency (D), the mean of 
1.5 with a variance of 0.25 confirms the consensus that the text exhibited precise grammatical and 
lexical control. Overall, the low dispersion (SD ≤ 0.5) demonstrates exceptionally high inter-rater 
consistency, suggesting minimal subjective variation. These findings affirm the professional 
translation as the benchmark of quality, comfortably exceeding NAATI certification thresholds. 
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CHATGPT 

 
Raters’ evaluations of ChatGPT’s translation positioned it between the professional and novice 
translators. Mean scores ranged from 1.9 to 2.5, corresponding to Band 2–3, indicating generally 
competent performance that meets or approaches NAATI’s minimum passing criteria in all areas. 
Meaning Transfer (A = 1.9) received relatively strong evaluations, showing that raters agreed 
ChatGPT conveyed the source message accurately with minor stylistic inconsistencies. For Textual 
Norms (C = 2.5), higher variance (0.45) and standard deviation (0.67) suggest moderate rater 
disagreement, reflecting differing perceptions of its stylistic naturalness and idiomatic 
appropriateness. Language Proficiency (D = 2.1) yielded moderate variance (0.49) and SD (0.70), 
indicating more variation in raters’ judgments of grammatical precision and lexical fluency. 
Collectively, the moderate variability in ChatGPT’s scores indicates that while most raters viewed 
its output positively, a subset found stylistic or idiomatic issues that prevented it from reaching 
professional parity. Nonetheless, its consistent performance near or above the NAATI passing 
threshold demonstrates substantial translation competence. 
 

NOVICE TRANSLATOR 

 
The novice translator received the lowest mean ratings across all three components, reflecting 
performance below certification standards. Mean scores of 3.1–3.5 correspond to Bands 3–4, 
indicating partial meaning transfer and limited control of target-language conventions. Meaning 
Transfer (A = 3.1) and Language Proficiency (D = 3.1) share the same variance (0.69) and SD 
(0.83), suggesting moderate dispersion and some inconsistency among raters—possibly due to 
uneven quality within the translation. Textual Norms (C = 3.5) recorded the lowest variance (0.25) 
and SD (0.5), implying that raters were relatively consistent in their view that the translation lacked 
professional cohesion and appropriate register. Overall, the novice translator’s performance falls 
below NAATI competency thresholds, reflecting developing translation skills and inconsistent 
control of meaning and expression. 

In summary, the professional translator met or exceeded NAATI’s certification thresholds 
across all assessment components, demonstrating consistently high-quality performance and 
alignment with professional standards. In comparison, ChatGPT attained passing scores in 
Meaning Transfer and Textual Norms and Conventions and performed at a borderline level in 
Language Proficiency, indicating near-professional accuracy overall but with occasional 
weaknesses in idiomatic expression and stylistic naturalness. The novice translator, on the other 
hand, failed to meet the minimum pass criteria across all components, reflecting developing 
competence yet a limited ability to manage complex textual structures and linguistic demands 
effectively (see Table 4).  

 
TABLE 4. Descriptive summary of mean performance and NAATI’s pass classification 

 
Component NAATI Pass 

Threshold 
Novice 
(mean) 

Pass/Fail ChatGPT 
(mean) 

Pass/Fail Professional 
(mean) 

Pass/Fail 

A (Meaning 
Transfer) 

Band ≤ 2 3.1 Fail 1.9 Pass 1.3 Pass 

C (Textual Norms & 
Conventions) 

Band ≤ 3 3.5 Fail 2.5 Pass 1.3 Pass 

D (Language 
Proficiency) 

Band ≤ 2 3.1 Fail 2.1 Borderline 1.5 Pass 
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The aggregated data demonstrate a clear and statistically consistent performance hierarchy: 
Professional Translator > ChatGPT > Novice Translator. Across all three components, ChatGPT’s 
mean scores were approximately 1.0–1.4 bands higher than those of the novice translator, while 
the professional translator outperformed ChatGPT by 0.6–1.2 bands. These mean differences 
reflect meaningful performance distinctions that align with qualitative expectations. The pattern 
of variances and standard deviations further substantiates these findings: 

 
• The professional translator’s very low variance (0.04–0.25) and SD (0.19–0.50) reflect 

strong inter-rater reliability and shared perceptions of quality. 
• ChatGPT’s moderate dispersion (variance 0.45–0.69) suggests some diversity in stylistic 

assessment, typical when raters evaluate hybrid linguistic features (e.g., mechanically 
fluent but less idiomatic output). 

• The novice translator’s higher variance (0.25–0.69) indicates lower reliability, consistent 
with mixed perceptions of accuracy and language control. 

 
 In statistical terms, the low within-group variability relative to between-group differences 
supports high discriminative validity of the NAATI rubric: raters reliably distinguished between 
levels of translation competence across human and AI-produced texts. These patterns also suggest 
that, while ChatGPT’s performance overlaps partially with professional expectations, it still lacks 
the stylistic and idiomatic precision that characterises expert human translation. 
 

 
DISCUSSION 

 
The results of this pilot benchmarking study demonstrate a clear performance hierarchy—
Professional Translator > ChatGPT > Novice Translator—which aligns with established 
expectations in recent empirical research on AI translation (Alafnan, 2025; Tanni, 2025). However, 
the fact that ChatGPT achieved a 60% pass rate and near-professional mean scores across all 
components indicates that large language models (LLMs) have reached a level of linguistic 
sophistication previously unseen in machine translation systems. 
 

CHATGPT’S NEAR-PROFESSIONAL COMPETENCE 
 
The reanalysed data show that ChatGPT’s mean ratings (1.9–2.5) positioned its output within or 
near the NAATI certification thresholds across all components. This aligns with previous findings 
that LLM-based systems produce translations with greater fluency, coherence, and contextual 
awareness than earlier neural or statistical models (de los Reyes Lozano & Mejías-Climent, 2023; 
Hassani et al., 2025; Siu, 2024). In particular, ChatGPT’s strength in Meaning Transfer (A), with 
a mean of 1.9, suggests that it can accurately preserve semantic fidelity and logical coherence. This 
supports claims by Ding (2024) and Al-Khresheh (2025) that ChatGPT effectively manages cross-
linguistic meaning equivalence in both high- and low-resource languages. 

Nevertheless, the moderate variance and standard deviation values for Textual Norms and 
Conventions (C) and Language Proficiency (D) indicate inconsistency among raters regarding 
stylistic and idiomatic naturalness. Such variability echoes prior studies highlighting that, while 
ChatGPT excels in grammatical and structural precision, it struggles with idiomatic expressions, 
pragmatic subtleties, and culturally embedded meanings (Alshalan, 2025; Johnson & Kathirvel, 
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2025). These stylistic inconsistencies point to ChatGPT’s inability to fully reproduce the register, 
tone, and cultural alignment that human translators intuitively achieve. 
 

PROFESSIONAL TRANSLATOR AS A BENCHMARK OF QUALITY 
 
The professional translator’s performance—mean scores between 1.3 and 1.5 with minimal 
variance—confirmed not only mastery of the NAATI criteria but also high inter-rater agreement. 
The uniformity of ratings supports the psychometric reliability of rubric-based assessment models 
(Lai, 2011) and validates the NAATI framework’s robustness for distinguishing professional 
competence levels. Moreover, the professional translator’s consistent superiority across all 
components underscores the enduring value of human expertise in achieving nuanced, idiomatic, 
and culturally coherent translations. In particular, the professional translator’s exceptional 
performance in Meaning Transfer (A) and Textual Norms (C) reflects the core attributes of 
professional translation competence—the ability to balance fidelity with naturalness while 
adhering to genre and audience expectations. This level of cohesion remains beyond the reach of 
AI systems, which, despite syntactic precision, often lack pragmatic intuition and contextual 
sensitivity. 
 

NOVICE TRANSLATOR PERFORMANCE AND LEARNING IMPLICATIONS 
 
The novice translator’s failure to meet the NAATI pass thresholds across all components highlights 
the developmental nature of translation competence acquisition. The relatively high variance 
(0.25–0.69) suggests uneven quality and a lack of consistent control over meaning transfer and 
stylistic adaptation. From a pedagogical standpoint, these results suggest that translation training 
may benefit from more explicit attention to the development of students’ critical translation 
evaluation skills. While AI systems such as ChatGPT can produce fluent and contextually 
appropriate texts, it may not be advisable for student translators to rely on such tools to complete 
translation tasks, as doing so could limit opportunities to develop the problem-solving and 
decision-making abilities that underpin professional competence. At the same time, it may be 
valuable for students to gain experience in critically assessing AI-generated translations, 
recognising both their potential usefulness and their limitations. One possible approach is to 
introduce AI tools after students have produced an initial human translation, allowing them to 
compare their own work with AI output to explore differences in lexical choice, cohesion, and 
stylistic register. Such reflective comparison may support metacognitive awareness, enhance 
revision strategies, and strengthen students’ ability to evaluate translation quality, while still 
preserving the role of authentic translation practice as the foundation of learning. 

 
RELIABILITY AND VALIDITY OF HUMAN ASSESSMENT 

 
The identification and exclusion of three anomalous raters (R3, R8, and R10) underscore the 
importance of methodological rigour and rater calibration in translation quality assessment. 
Misinterpretation of the band scale by R3 and R8—who appeared to reverse the intended hierarchy 
where Band 1 represents the highest performance and Band 5 the lowest—illustrates procedural 
issues that can affect reliability even among experienced professionals. Such anomalies were likely 
not evaluative in nature but procedural, arising from conditions surrounding the online rater 
briefing. Conducted via videoconference rather than in person, the briefing may have limited 
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opportunities for immediate clarification and visual reinforcement of the rubric orientation. 
Moreover, some participants did not activate their cameras, which likely reduced engagement and 
attentional focus. In high-stakes professional settings such as NAATI's operational certification 
assessments, such misunderstandings are typically mitigated through face-to-face calibration 
sessions, guided practice, and examiner moderation. 

Another contributing factor may lie in the design of the rubric sheet itself. If the layout or 
visual hierarchy does not clearly emphasise that Band 1 denotes the highest standard of 
performance, raters unfamiliar with the system may easily invert the scale. Enhancing the rubric’s 
visual clarity—through bolded labels, colour coding, or explicit orientation cues—could therefore 
improve usability and minimise interpretive errors. Once the anomalous data were removed, inter-
rater reliability increased substantially, with the remaining raters demonstrating high consistency 
across all assessment components. This confirms that the NAATI rubric provides both 
discriminative validity and procedural robustness when used under adequately controlled 
conditions. 
 

IMPLICATIONS FOR AI IN PROFESSIONAL TRANSLATION 
 
These results must not be interpreted as evidence that AI could replace human translators. Even 
when AI systems such as ChatGPT produce output that approximates or occasionally surpasses 
human performance in certain linguistic aspects, this alone is insufficient for professional 
equivalence. Translation is not merely a matter of linguistic accuracy; it is a profession grounded 
in accountability, responsibility, and ethical judgment. Human translators are bound by 
professional codes of conduct and bear direct responsibility for their work, dimensions that cannot 
be mechanised or transferred to an algorithm. 

The present study does not seek to prepare AI for professional accreditation but to evaluate 
its performance against established certification standards. The findings indicate that while 
ChatGPT does not yet meet the threshold of professional competence, it demonstrates a high 
degree of reliability as a translation aid. Its consistent ability to produce contextually appropriate 
and linguistically coherent output under the NAATI rubric suggests practical value as a supportive 
tool, for example, in generating draft translations, maintaining terminological consistency, or 
assisting with quality assurance. Ultimately, AI might better be viewed as an assistive technology 
that complements, rather than replaces, human expertise. Its responsible integration into translation 
practice must reinforce the human translator’s central role as the final arbiter of meaning, ethics, 
and professional accountability. 

 
 

CONCLUSION 
 
The results of this pilot benchmarking study, which specifically concern English–Malay 
translation, indicate that ChatGPT demonstrates near-professional competence in meaning transfer 
and fluency, though it remains limited in idiomatic precision, stylistic coherence, and cultural 
adaptation. The findings underscore the growing potential of large language models in translation, 
especially for low-resource languages such as Malay. ChatGPT’s consistent performance suggests 
it could serve as an assistive tool for drafting and quality assurance in professional translation 
workflows, provided human oversight ensures contextual and ethical accuracy. The study also 
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highlights the value of the NAATI framework as a rigorous method for assessing AI translation 
quality within professional standards. 

However, the results are specific to the English–Malay translation direction and cannot be 
generalised to other language pairs, which may yield different outcomes depending on data 
richness and linguistic complexity. As a pilot study, its scope was limited to one novice and one 
professional translator, providing an exploratory snapshot rather than a generalisable conclusion. 
Given the rapid evolution of AI models, most recently with the release of ChatGPT-5, translation 
performance may already have improved significantly, warranting further investigation. Future 
research might, therefore, better include larger translator samples, analyse multiple text genres, 
and explore different translation directions, encompassing both high and low-resource languages. 
Comparative studies across evolving LLMs and prompting strategies may deepen understanding 
of AI translation competence and support the responsible integration of AI tools into professional 
translation practice and training contexts. 
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