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Abstract. This study investigates the potential of GPT-based large lan-
guagemodels (LLMs) to evaluate the usability of English–Slovakmachine
translations. Usability annotations were conducted by three GPT models
(GPT4o, GPT-4.1, and GPT-5) with varying temperature settings, along-
side seven human annotators. The earlier GPT models (GPT-4o and GPT-
4.1) produced significantly higher usability scores than human evaluators,
suggesting a tendency to overestimate translation quality. In contrast, the
latest model, GPT-5, exhibited evaluation patterns that were statistically
comparable to those of human annotators. These findings indicate that
the GPT-5 model demonstrates improved agreement with human judg-
ment and may serve as a reliable automated annotator for assessing the
usability of machine translation systems.
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1 Introduction

Evaluating the usability of machine translation (MT) outputs remains a crucial
step in assessing the overall quality and practical applicability of translation sys-
tems. Traditional human based evaluation, while reliable, is time consuming,
costly, and often subject to variability among annotators. Recent advances in
large language models (LLMs) [10], such as the GPTmodels, have opened new
possibilities for automating evaluation tasks traditionally performed by humans.
Previous studies [3] have shown that LLMs can assess translation quality with
promising consistency. However, little attention has been given to usability - a
broader and more subjective criterion reflecting user satisfaction and perceived
translation quality. This study aims to examine whether GPT based models can
serve as reliable annotators for evaluating the usability of English-Slovak ma-
chine translation. By comparing annotations from multiple GPT versions and
human evaluators, we analyze the degree of agreement between human and
LLM judgments and discuss the potential of modern LLMs to complement or
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partially replace human annotators in translation usability assessment. Accord-
ing to ISO 9241-11 standard [1], usability measures the extent to which a prod-
uct can be used by specified users to achieve specified goals with effectiveness,
efficiency and satisfaction in a defined context of use. We address the following
research question: To what extent can large language models GPT-4o, GPT-4.1,
and GPT-5, with varying temperature settings, evaluate the usability of English-
Slovak MT outputs comparably to human evaluators? The rest of this paper is
structured as follows. Section 2 reviews related work. Section 3 describes the
methodology and dataset used in the study. Section 4 presents the results and
their analysis. Section 5 concludes the paper and outlines directions for future
research.

2 Related Work

Jiang at al. [2] examined translation evaluation using ChatGPT versions 3.5 and
4o in the Chinese-Portuguese language pair based on two criteria: information
completeness and correctness. They found that the older GPT-3.5 model exhib-
ited relatively low similarity in human MT evaluation, whereas GPT-4 showed
higher similarity. However, these results varied depending on the domain of
translation. High correlations between human annotators, GPT-3.5, and GPT-4
were observed for political texts, but significant discrepancies appeared in the
evaluation of the literary text, where GPT-3.5 diverged substantially from hu-
man evaluation.
Alghamdi et al. [3] examined the extent to which GPT-4o can reliably assess the
quality of legal translations from English into Arabic compared to human eval-
uators. They analyzed ten students’ translations from a university legal transla-
tion course, whichwere first assessed by a teacher using a predefined rubric and
then evaluated by GPT-4o using the same criteria. The system was prompted to
detect the translation errors, score the exam, followed bymanual segment to seg-
ment comparison between GPT-4o and human evaluations. Statistical analysis
revealed a high level of agreement between human and GPT-4o with no statisti-
cally significant differences. GPT-4o provided detailed feedback and correction
suggestions, indicating its potential as a complementary tool for translation as-
sessment in educational contexts.
Wang et al. [4] investigated howwell automatic metrics that do not rely on refer-
ence translations correspond with human judgments in simultaneous English-
Spanish translation. They analyzed 12 lecture recordings translated by three pro-
fessional interpreters and the KUDO AI Speech Translator. Human evaluation
focused on accuracy and intelligibility, while LLM evaluation which was per-
formed by GPT-3.5, GPT-Ada, UMSE and All-MiniLM-L6-v2 models through
semantic similarity leveraging sentence embeddings. Results showed that GPT-
3.5 achieved the highest correlation with human scores, though overall agree-
ment among human annotators was low.
Bavaresco et al. [5] compared the results of 11 LLMs with human judgments
and found that agreement strongly depends on the model, dataset, and task
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type. LLMs generally correlated better with human assessments on human-
written texts but showed inconsistencies when evaluating machine-generated
content. While some models achieved near human parity in instruction follow-
ing or reasoning tasks, none consistently matched human evaluations across
all contexts. They concluded that LLMs can assist but not fully replace human
judges without prior calibration and task specific validation.

3 Methodology

The dataset comprised 100 segments (sentences, chapter or article titles – each
treated as a segment when present in the analyzed texts). For each text, one
MT output was obtained from online Google Translate service and alignedwith
the original English source text and its human Slovak translation. These 100
segmentsweremanually annotated by seven human annotators (H01, H02, H03,
H04, H05, H06, and H07) based on the usability criterion.

Table 1: Selection of 3 rows from dataset
Source Translation usability-c
I grew up in between. Vyrastal som medzi

tým.
poor (most meaning)

In 1995, he was
awarded the Nobel
Prize in Literature.

V roku 1995 mu bola
udelená Nobelova
cena za literatúru.

good (likely use it)

There was a horse in
the stable.

V stajni bol kôň. good (likely use it)

Usability wasmeasured on a five-point scale, where 1 indicated an unaccept-
able (unusable) translation and 5 indicated an excellent translation. A higher
value represents greater usability. These values corresponded to the following
verbal categories:

1. unacceptable (non useful),
2. poor (most segments),
3. acceptable (some segments),
4. good (likely use it),
5. excellent (no editing).

To use ChatGPT to annotate the usability of translations, we imported the
OpenAI class from the Python library openai. That class is necessary to send-
ing requests to OpenAI API to annotate all sentences. We requested ChatGPT
to perform the same evaluation based on a prompt we defined:
You are a professional evaluator of Slovak translations. Evaluate the following transla-
tion from English to Slovak using: Usability - how suitable the translation would be
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for real use or usability measures the extent to which a translation can be used effec-
tively, efficiently, and with satisfaction in a specific context of use (ISO, 1998). Choose
one of: [unacceptable (non useful), poor (most segments), acceptable (some segments),
good (likely use it), excellent (no editing)] Then output your evaluation in this format:
Usability: <category> .

We applied this prompt to three models: GPT-4.1 [6], GPT-4o [7], and GPT-
5 [8]. We also experimented with the Temperature parameter, which controls
the randomness of the model’s output. A lower value makes the model more
consistent, producing consistent and predictable responses and higher value
increases randomness, making the output more creative and varied [9]. For the
GPT-4.1 and GPT-4o models, we used temperature settings of 0.2 and 1. For the
GPT-5model, we only used temperature= 1 because it was not possible to change
value. In total, we performed annotation using GPTmodels 5 times. Annotation
was performed using columns Source and Translation from Table 1 .

4 Results

The first step of the experiment involved determining the inter-annotation agree-
ment (IAA) among evaluators. Based on the non-parametric Kendall’s coef-
ficient of concordance (used to measure agreement among multiple annota-
tors) and the non-parametric Kendall’s Tau coefficient (used for pairwise eval-
uator comparisons), the results indicated a low to moderate degree of agree-
ment (Kendall Coeff. of Concordance= 0.2272) among evaluators when evaluating
translation usability. Although the evaluators demonstrated some consistency
in their usability judgments, notable deviation was observed for evaluator H01,
who adopted a more stringent approach and, on average, rated translations as
poorly usable (Average Rank = 2.27). This evaluation differed significantly from
those of the other annotators [11].
The next stage examined whether the variability of the human annotations and
the LLM-generated annotations was comparable. Results fromMauchly’s test of
sphericity (W = 0.002363, Chi-Sqr. = 575.3824, df = 65, p = 0.0001) indicated a
violation of sphericity assumption (p < 0.001). Consequently, adjusted tests for
repeated measures were applied.
The adjusted univariate test for repeatedmeasures (G-G Epsilon= 0.357284,G-G
Adj. df1=3.930121,G-GAdj. df2=389.0819,G-GAdj. p=0.0001) rejected the null
hypothesis that usability scores are independent of whether they are produced
by human evaluators or LLMs (p< 0.001). This finding indicates statistically sig-
nificant differences between usability evalution produced by human evaluators
and those generated by LLMs. To identify specific differences between evalua-
tors, the Tukey HSD test for multiple comparisons was applied Table 2 .

Human or LLM annotations with no statistically significant differences in
mean usability ratings were grouped into the same homogenous cluster (one
homogeneous group). The GPT-4o and GPT-4.1, across varying temperature
settings, were classified into a single homogeneous group, suggesting they
produced very similar evaluations regardless of temperature Figure 1.Moreover,
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Table 2: Homogenous groups - usability
𝛼 = .05000., Error: Within MS = 67131, df = 1089.0

Cell No. U Mean 1 2 3 4 5
6 usability_H01 2.72 ****
7 usability_H02 3.28 ****
8 usability_H03 3.51 **** ****
12 usability_H07 3.54 **** **** ****
9 usability_H04 3.56 **** **** ****
5 usability_T1GPT5 3.75 **** ****
11 usability_H06 3.83 **** ****
10 usability_H05 3.89 ****
4 usability_T1GPT4o 4.35 ****
1 usability_T0.2GPT4.1 4.39 ****
2 usability_T0.2GPT4o 4.43 ****
3 usability_T1GPT4.1 4.47 ****

both models evaluated usability substantially higher than human annotators,
implying that earlier GPT models may overestimate the usability of machine
translation from English into Slovak. In contrast, the state of the art GPT-5
model produced usability scores that were, on average, lower than those of
previous models but closer to most human annotators Figure 1. GPT-5 model
appeared in two homogeneous groups (Group 1 and 2) alongside several
human annotators. Specifically, it forms a homogenous group with human
annotators H03, H07, H04, and H06 in one cluster and another with human
annotators H07, H04, H06, and H07 in the second cluster. This confirms that the
scores produced by T1GPT5 are comparable to human judgments. Conversely,
evaluator H01 differed significantly not only from all LLMs but also from other
human evaluators. As a result, H01 constituted a single-element homogeneous
group Table 2.

5 Conclusion

The results indicate that while earlier GPT models (GPT-4o and GPT-4.1) tend
to overestimate the usability of English–Slovak translations, the GPT-5 model
shows a closer alignment with human annotators. Its inclusion in the same ho-
mogeneous groups as several human evaluators suggests improved calibration
and a more human like assessment of translation usability. This study demon-
strates that the latest generation of GPT models may serve as a more reliable
substitute or complement to human annotators in usability evaluation tasks. The
analysis also reveals model specific tendencies that can inform the development
of automated evaluation process. By integrating LLM based annotation into us-
ability assessment, the process can be significantly faster and more available
while maintaining reliability close to human judgment. Future research could
explore additional factors influencing LLM evaluations, such as adequacy or flu-
ency, and meaning preservation to assess whether LLMs perform consistently



42 M. Kleštinec et al.

Fig. 1: Visualization of the mean usability scores produced by GPT models and
human annotators

across different qualitymetrics.Moreover, comparative analyses betweenGPT-5
and other state-of-the-art models, such as Deepseek [12], Claude [13] or Gem-
ini [14], could provide deeper insights into model-specific strengths and weak-
nesses. Finally, experimenting with hybrid human - AI evaluation frameworks
may lead to more scalable and robust methodologies for translation quality as-
sessment.
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