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Abstract:

This study quantitatively compares the translation performance of two
neural machine translation models, Google Translate and DeepL, alongside
the Al chatbot ChatGPT, in translating food safety regulations from the
Codex Alimentarius Commission. These regulations contain domain-
specific terminology related to nutrition, food processing, non-sentence-list
items, and polysemous words. The evaluation uses BLEU, chrF++, TER,
and COMET metrics. While Google Translate achieved the highest BLEU
score (0.197), DeepL, which added Arabic support in 2024, outperformed
Google Translate and ChatGPT across all other metrics, leading to its
selection for manual analysis using the Multidimensional Quality Metrics
error typology. DeepL’s output revealed four types of errors: fluency,
accuracy, style, and terminology, but it also demonstrated a level of

eloquence and readability comparable to human translations. The findings
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suggest that DeepL should be considered an alternative to Google Translate
and can serve as a new baseline for Arabic machine translation research.
Moreover, despite its popularity, ChatGPT lags in specialized translation
tasks. Finally, professional translators should consider integrating machine
translation systems into their workflows to enhance efficiency in general

domains and specialized fields.

Keywords: machine translation, specialized translation, English—

Arabic translation, Google Translate, DeepL, ChatGPT
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1. Introduction

Many machine translation models are available today for translation
professionals and businesses. Some, like Google Translate and DeepL, are
neural models specifically designed for machine translation. Other models,
such as GPT (Generative Pre-Trained Transformer), the technology behind
the widely used chatbot ChatGPT, are large language models designed
to perform various natural language processing tasks, including machine
translation. Choosing the best model can be a challenging task. These
models are primarily trained for general-purpose translation, such as
newspaper articles, and their performance in specialized fields, including
medical, legal, or technical translation remains uncertain. Therefore, before
investing in any of these models, stakeholders must assess which produces
the most understandable output for their specialized translation needs, what
types of errors it generates, and whether those errors follow a pattern that
can be easily corrected in post-editing or require in-depth evaluation. This is
why many studies in the machine translation literature focus on evaluating
these models (Freitag et al., 2021; Maruf et al., 2021; Ranathunga et al.,
2023; Rivera-Trigueros, 2022).

This study compares the performance of three machine translation
models in translating the Codex Alimentarius food safety regulations
from English into Arabic. These regulations include a comprehensive set
of standards, guidelines, and codes of practice that address various food
safety concerns, including microbiological hazards, pesticide residues,
food additives, and contaminants such as heavy metals. They are crucial
in minimizing foodborne diseases and protecting public health globally.
The comparison involves three models: Google Translate, one of the most

widely used machine translation systems, which has been translating to

University of Sharjah Journal for Humanities & Social Sciences, Volume 22, No. 4 December 2025 765



Specialized Translation Quality A Comparative Study of Google Translate,
DeepL, and ChatGPT in Translating Food Safety Regulations from English to

Arabic (763-804)

and from Arabic for decades and served about 1 billion users in 2021
(Pitman, 2021); DeepL, which added Arabic to its supported languages
in January 2024 (DeepL, 2024); and ChatGPT-4.0, a widely used chatbot
with 200 million weekly users worldwide (Arab Times Kuwait, 2024). The
comparison begins with a quantitative evaluation, measuring each model’s
output against reference translations from the Codex Alimentarius using
four metrics: BLEU (Papineni et al. 2002), TER (Snover et al., 20006),
chrF++ (Popovi¢, 2015), and COMET (Rei et al., 2020), the latter being
a recently introduced metric known for its strong correlations with human
evaluations. Following the quantitative analysis, the output of the best-
performing model is manually inspected following the error typology of the
Multidimensional Quality Metrics (Lommel et al., 2014; Lommel, 2018).

This evaluative study contributes to the existing body of literature
in three significant ways. First, it highlights the performance of DeepL.
This model has been less explored in Arabic machine translation because
Arabic was only recently incorporated into its list of supported languages.
Understanding how DeepL compares to other models is important,
especially given its reported superiority over Google Translate in translating
Indo-European languages such as French and Polish (Esperanga-Rodier &
Frankowski, 2021), Spanish and German (Salinas & Burbataa, 2023), and
Spanish and English (Pefa Aguilar, 2023). Second, the study addresses a
less explored textual genre—food safety regulations. These regulations,
such as clinical discharge reports (Khoong et al., 2019) and patient
information leaflets and health guidelines (Al-Sabbagh, 2024a), are rich
in domain-specific terminology and stylistic features such as non-sentence
list items and context-specific polysemous words. However, food safety

regulations differ in their focus on highly technical terminology related
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to the food industry rather than the medical field and include significant
legal jargon outlining the consequences of non-compliance. Finally, this
study’s scope is broader than most evaluative studies, as it compares three
machine translation models. In contrast, most studies evaluate a single
model, typically Google Translate, as seen in works like Das et al. (2019)
and Khoong et al. (2019). Some studies focus exclusively on ChatGPT,
like Calvo-Ferrer (2023) and Hendy et al. (2023), or compare two models,
Google Translate, with either ChatGPT or DeepL (Kubinska and Kubinski
2020; Piazzolla et al. 2023; Rescigno and Johanna Monti 2024) or ChatGPT
to DeepL (Li, 2024; Noll et al., 2024).

2. Related Work

A substantial body of literature evaluates machine translation models
across various languages and textual genres. For a broader overview,
readers may refer to Al Shamsi et al. (2020) and Zappatore and Ruggieri
(2024). However, despite this extensive literature, studies comparing
multiple machine translation models for English and Arabic in a health-
related context are lacking. Most studies focus on evaluating a single
model, typically Google Translate (Almahasees et al., 2021; Al-Sabbagh,
2024a; Cornelison et al., 2021; Delfani et al., 2024; Ehab et al., 2018),
and those that compare two models are generally conducted in non-Arabic
contexts (Brewster et al., 2024; Noll et al., 2024; Rao et al., 2024). In this
section, we will review such studies to provide a comprehensive overview
of the current state of machine translation models in health-related texts,

with particular emphasis on the English-Arabic language pair.

Almahasees et al. (2021) assessed Google Translate’s performance

in translating COVID-19 documents from international organizations
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such as the World Health Organization, the United States Food and
Agriculture Organization, and the European Center for Disease Prevention
and Control. The researchers noted semantic, grammatical, lexical, and
punctuation errors in the translated texts, which they claimed inhibited
their intelligibility. However, their analysis lacked standard quantitative
evaluation metrics like BLEU, chrF++, or TER, and they did not substantiate
their claims with surveys or interviews to test the intelligibility among end-
users. Furthermore, they did not provide examples indicating significant
alterations in meaning that could impact end-users’ understanding or safety,
contrasting with Khoong et al. (2019), who noted such issues in English-to-

Spanish and English-to-Arabic medical translations.

Al-Sabbagh (2024a) evaluated the efficacy of Google Translate by
converting 50 English patient information leaflets into Arabic, using
translations from the Saudi Food and Drug Authority’s website as a
benchmark. Google Translate achieved a moderate BLEU score of 0.255,
a moderate chrF++ score of 51.13, and a high TER score of 59.7. Such
results are much worse than those achieved by Google Translate for non-
specialized texts such as news articles, as Kadaoui et al. (2023) reported
a BLEU score of 66, a chrF++ score of 78.97, and a TER score of 28.6.
Likewise, Moslem et al. (2023) reported a BLEU score of 44, a chrF++
score of 62, and a TER score of 0.58. Al-Sabbagh attributed the fact that the
scores of Google Translate for patient information leaflets are much lower
than the state-of-the-art results because of the abundance of English-Arabic
parallel corpora with billions of words featuring general-purpose textual
genres, such as news articles in contrast to the lack of large, specialized

English-Arabic corpora that cover the medical domain.
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Al-Sabbagh (2024a) further analyzed 760 sentences manually and
found that 78.4% were error-free; they were different from the reference
translations but they are not wrong like “If you are taking a medicine
containing nelfinavir (used for HIV infection)” that was translated by
Google Translate as “z e a2a3 wall) H8lidl e (o gty o) 0 J4Lat < S 1))
LSl A elidl ja & (s y a0 4LaY))” and in the reference translation as 13
Acliall a8 g 8 Clgill zMad Joaia) 58l e (g sting ol g0 J5lim i3S
4..3S4ll)” The terminology translation is different so the BLEU score is
not perfect but both translations are valid. Of the sentences with errors,
29.7% contained significant inaccuracies, including mistranslations and
incorrect medical terminology. Errors such as translating ‘aggression’
as ‘0ls>e’ instead of ‘4l soe” and ‘hives’ as ‘d—=ill L3A” could seriously
mislead patients about side effects. Google Translate also exhibited issues
with stylistic and lexical fluency, producing awkward expressions such
as ‘@Y swuSll 303 for ‘crush the capsules’ instead of the more natural
‘sl ki Therefore, Al-Sabbagh concluded that Google Translate
can generate helpful, reliable, comprehensible translations that should
not be stereotyped as an inherently risky tool. However, it still requires
improvement, either through rigorous human post-editing or by integrating
extensive health-related parallel corpora that it can use to leverage its

performance.

Cornelison et al. (2021) assessed the accuracy of Google Translate in
translating usage directions and counseling points for the top 100 drugs
in the United States into Arabic, Chinese (simplified), and Spanish. Two
clinicians identified directions and counseling points and translated
them using Google Translate. To evaluate the accuracy, two bilingual

native speakers of each language, both non-clinicians, performed back-
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translations into English, to check their clarity and accuracy in their native
languages. Clinicians then reviewed these back-translations to determine
the clinical significance of any inaccuracies. The results showed that out of
38 directions for use, 76.3% were accurately translated into Arabic, 89.5%
into Chinese, and 71% into Spanish. The accuracy for the 170 counseling
points was 54.1% for Arabic, 76.5% for Chinese, and 38.2% for Spanish.
Importantly, 29.1% of the 247 inaccurate translations had significant
clinical implications, including potential life-threatening errors. The study
concluded that certified translators are essential for translating medical
documents, and clinicians should be aware of the risks associated with
using Google Translate.

Delfani et al. (2024) focused on assessing the performance of Google
Translate in translating mental health information from English into Arabic,
among other languages, using two primary datasets: the United Kingdom
National Health Service dataset and the Royal College of Psychiatrists
dataset. The translations were manually analyzed by native speakers for
accuracy and comprehensibility, categorizing errors into terminology
inaccuracies, syntactic/semantic errors, and other critical errors impacting
patient safety. The National Health Service dataset revealed a high error rate
across various categories in Arabic translations, especially inaccuracies in
medical terminology, fluency issues, and critical errors that could mislead
patients. For instance, ‘mantras’ were incorrectly translated as singing,
and advice on practicing yoga and meditation was reversed to avoid these
activities. In contrast, the translation of the Royal College of Psychiatrists
dataset, which involved longer text segments, showed improved accuracy
and fluency. This suggests that Google Translate performs better with

longer texts, providing better contextual understanding.
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Ehab et al. (2018) tested Google Translate to translate symptoms and
side effects extracted from English internal medicine journal articles. The
data against which Google Translate was evaluated did not include complete
sentences but rather phrases such as 4=l (L&) (lung congestion) and J1a
S a3l o) (kidney impaired functions). Google Translate achieved a
BLEU score of 0.51, which indicates high-quality translation (see Section
3.2. for more details on BLEU). However, the researchers proved that
when a medical translation memory was used to enhance Google Translate,
the BLEU score increased by about 0.1 points, rendering even better
translations. The researchers did not discuss the mismatches between
the reference translations extracted from the Worldwide Arabic Medical
Translation Guide: Common Medical Terms and Google Translate. They
did not discuss whether these mismatches were actual errors or different
styles. They did not even discuss what aspects of translation were improved

when the medical translation memory was added to Google Translate.

Rao et al. (2024) compared ChatGPT-3.5 and Google Translate in
translating two English-language documents: postoperative care instructions
following circumcision and patient information on undescended testicles.
These texts were translated into Russian, Vietnamese, and Spanish.
Language experts evaluated the translations based on accuracy in conveying
meaning, expression, and technical precision. Errors were categorized by
type (meaning, flow, language, form, style guide, or terminology) and
severity (minor, major, or critical). The primary focus of the evaluation
was the accuracy of meaning retention in the translated texts. The analysis
revealed that, out of 132 sentences, ChatGPT made errors in 3.8% of the
Spanish translations, whereas GT had an error rate of 18.1%. ChatGPT
and Google Translate had error rates of 35.6% and 41.6% for Russian
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translations, respectively. In Vietnamese, ChatGPT incorrectly translated
24.2% of sentences, while GT made errors in 10.6%. In summary, ChatGPT
outperformed Google Translate in Spanish translation but was less effective

in Vietnamese.

Similar to the study by Rao et al. (2024), Brewster et al. (2024)
compared ChatGPT-4.0 (a more recent version than that used by Rao
et al.) with Google Translate in translating twenty pediatric discharge
instructions from English into Spanish, Brazilian Portuguese, and Haitian
Creole. The translations were evaluated based on adequacy (preservation of
information), fluency (grammatical correctness), meaning (preservation of
connotation), and severity (potential clinical harm). Both Google Translate
and ChatGPT showed similar domain-level ratings compared. However,

ChatGPT created more clinically severe errors than Google Translate.

Noll et al. (2024) compared GPT-3.5 and DeepL in translating medical
terminology, with a special focus on Human Phenotype Ontology (HPO).
Human medical experts evaluated 120 translated HPO terms using a 4-point
Likert scale (1 = strongly agree, 4 = strongly disagree), with an independent
reference translation from the HeTOP database serving as validation. GPT-
3.5 received an average Likert rating of 1.29, while DeepL scored 1.37,
indicating a high level of similarity between both models and the reference
translations. Statistical analysis showed no significant differences between
the models, confirming their comparable effectiveness in translating HPO

terms from English to German.
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3. Methods
3.1. Corpus

Codex food safety regulations are the standards, guidelines, and codes
of practice developed by the Codex Alimentarius Commission, a joint
program of the Food and Agriculture Organization of the United Nations
and the World Health Organization. These regulations promote international
food safety and quality, covering various aspects of the food supply chain,
including food labeling, additives, contaminants, hygiene practices, and

food safety management systems (Lee et al., 2021).

Similar to other health-related texts, food safety regulations are
dense with terminology related to chemicals, food processing procedures,
and additives. These regulations frequently utilize enumerated lists to
outline requirements, standards, or banned substances, which may consist
of phrases, complete sentences, or segments of complex sentences like those
shown in Table 1. What distinguishes food safety regulations from other
health texts is their inclusion of legal language—detailing enforcement
mechanisms and penalties for non-compliance—and the prevalence of
polysemous words. These words often carry one meaning in everyday usage
but adopt specialized meanings in food processing. For instance, ‘express’
commonly describes conveying thoughts or actions directly and swiftly.
However, food processing refers to the mechanical or chemical extraction
of juices or oils from fruits, vegetables, or seeds. Similarly, ‘agent’ in
common parlance denotes an individual acting on behalf of another, but in

food processing, it refers to substances that produce specific effects.
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Table 1: A corpus excerpt.

English Source Text Arabic Reference Translation

Notwithstanding the provision in )
4-2- ?"'“sj‘ ‘ﬁ EJ‘)\}J\ eLSA‘}“ slel e o

pais il (i saa 83 Ll i ¢ 341

Balaall L@.:\La_mi.d ‘).5.\5\ ea_a::} ‘)_I‘).\Aj\

Section 4.2.3.1, pork fat, lard, and
beef fat shall always be declared by

their specific names.

For food additives falling in the )
A Al o) sl 3 lay Lo
respective classes and appearing
H\j el Calisg JLL:\ gJ CJA.ﬁ ‘r\l\
A0 Y ) Aladl) o sall ol g8 8 el
AR )yl 8 Lgaladi s = gaasal

3 5-Saall Ayl o) Ll aladt ) oy

in lists of food additives permitted
for use in foods, the following
functional classes shall be used

together with the specific name or )
%3,)}‘ JA.AAH\HL)\‘)_:\B\JLJGJ.{LA:\S

Ll elaad Jfiaay Cay il Cay gaill
oV Alad) o) o il oLl
saill e (CXG 1989-36) i)

dih ol) ey Sl 4 uates L5':..\\

recognized numerical identification,
such as the Class Names and the
International Numbering System

for Food Additives (CXG 36- 1989)

as required by national legislation.

Acidity Regulator A gaal) Cilalaia

Bulking Agent piana Jale
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The English and Arabic food safety regulations were sourced from the
Commission’s website in PDF format. The corpus encompasses four general
food standards: the general standard for the labeling of pre-packaged food
(CXS 1-1985), the general standard for fruit juices and nectars (Codex
Stan 247-2005), the general standard for bottled/packaged drinking waters
(excluding Natural Mineral Waters) (CXS 227-2001), and the general
standard for the labeling of food additives when sold as such (Codex Stan
107-1981). Table 2 displays the statistics of the collected corpus.
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Table 2 Corpus statistics.

Average Sentence

Language Word Tokens | Word Types
Length
English 10,488 2,111 words 16.9
Arabic 9,462 2,820 words 19.5

Total number
of sentences:

535

3.2. Quantitative Metrics

Four quantitative metrics are used for comparison: BLEU (Bilingual
Evaluation Understudy; Papineni et al., 2002), chrF++ (character n-gram
F-score; Popovi¢, 2015), TER (Translation Edit Rate; Snover et al., 2006),
and COMET (Crosslingual Optimized Metric for Evaluation of Translation;
Reietal.,2020). BLEU is the most widely used evaluation metric in machine
translation literature, and therefore, it will facilitate comparing the results
obtained in this study to those obtained elsewhere. It measures the similarity
between machine and reference translations based on n-gram sequences
while accounting for brevity. The scores range from 0 to 1, with 1 showing
a perfect resemblance between machine and reference translations. BLEU
is the most used quantitative evaluation metric in machine translation
literature; therefore, it is important to compare the findings of this study
with others. However, one drawback of BLEU is that it does not consider
synonyms and word-order alternations. This poses a particular challenge
for flexible word-order languages like Arabic. Furthermore, it gives equal

weights to content and function words, so a translation error in the verb

University of Sharjah Journal for Humanities & Social Sciences, Volume 22, No. 4 December 2025

776



Rim Altakarli / Rania Al-Sabbagh (763-804)

predicate will be penalized equally as a translation error in an article or a
preposition. That is why other metrics should be used along with BLEU,
such as chrF++, TER, and COMET.

chrF++ (character n-gram F-score; Popovi¢, 2015) operates at both
word and character levels, offering advantages over BLEU. Unlike BLEU,
it does not penalize translations for different word orders and gives partial
credit for partially matching words, which is beneficial for morphologically
rich languages like Arabic—for instance, translating ‘must’ as <3 (wajib;
must) instead of == (yajib) still earns some credit. chrF++ computes
the harmonic mean of precision and recall of character n-grams. It also
introduces a penalty for excessively long translations, thus favoring longer

but more accurate translations (Maucec & Donaj, 2019).

TER (Translation Edit Rate; Snover et al., 20006) is a proxy of the effort
needed to transform the machine translation output into the reference
translation. It quantifies the number of edit operations (insertions, deletions,
substitutions, shifts) necessary to align the machine translation with the
human reference. This metric estimates the post-editing effort, as these
editing operations can be manually performed with a keyboard and mouse.
The TER score ranges from 0 to 1, with lower scores indicating better

quality (i.e., fewer edits required).

Finally, COMET(1) (Crosslingual Optimized Metric for Evaluation of
Translation; Rei et al., 2020) is based on pre-trained transformer models,
like BERT, which are trained on massive amounts of multilingual data.
These models learn deep representations of language, capturing not just

word-level patterns but also the broader context and meaning of sentences.

(1)  https://github.com/Unbabel/COMET/tree/master
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This allows COMET to understand synonyms, paraphrases, and different
grammatical structures that convey the same meaning. Compared to other
metrics, COMET’s main advantage is its high correlation with human

direct assessments.

3.3. Manual Inspection for Error Types

The output of the best-performing model is manually analyzed to identify
the types of errors. For that purpose, we adopted the translation-error
typology known as Multidimensional Quality Metrics (MQM) developed
by Lommel et al. (2014) and Lommel (2018). We opted for MQM over
alternative typologies due to the accessibility and practicality provided by
its online platform(1). This website is a centralized repository furnishing
clear definitions, well-defined annotation guidelines, and decision trees
(as illustrated in Figure 1). MQM offers these resources to streamline the

annotation process, guaranteeing clarity and consistency in our evaluation.

Figure 1 MQM decision tree

No No
1.Does the issue relate to 2.Does the target misrepresent the
terminology? intended meaning of the source?
-y -y
| Terminology | | Accuracy |
No 4. Are there problems with No
3. pted
norms for use of the language? » numbers, measurements, addresses, |
etc?
-y -y

[ tinguisticconventions | | Locale Convention |

guides?
-y

Style |

Three possible outcomes:
1. Go back to Question 1
2.The issue is not an error
3. Use“Other”

Audience Appropriateness

(1)  https://themggm.org/
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Table 3: Definitions of the MQM error types as defined by Lommel et
al. (2014), Lommel (2018), and Mariana (2014).

Thmomew Form “Fepres b FKoe b e

wrm tmt e ar 0 dr o b dm ool omk s o ool eom meag o mk o ¢

[T T T TR L T R EITE I TR N R ST TER ey e FEH Tl THT U
erora=dei by irds, ST T S TR S ' < IR SO e s S0
H
oo
~EFa TETURLE T e ¥ TR =
Anmmr At g A b v m s diac e howprne e T LCEIER T Loy R FU I R L0 3 g kel e sk b
L ATE
= iy o e o
™ mrm g wramrmurd wdbrarm e d pdre naal

R TR - o - o B
= Vi b dwred Twadeib Tl e bl b o o O S e emd
roambr s b=
- Vi i wrk f Wl o b kA b e Paerk i olas L
i AL = 0wl meved o Al
lhphabrnamrBEe, v b vrardm how e, eed oo de el P o . = o el P e el el L st e il e i
rromrim gl e b omowr wom opraccle mewl, mwom Bl
iy i iy el B A R Ll
B orowadk sy Lmowr g i

ool ol g

- mrawow nomnmw e dogaadean e bm

bbb pl-wr cdrwmm o pard.on momd 0 wa bwoaat

mrbnrd
Aana crmnermr e an m B ey emed Bypm vk b om omen. g orow b osvw <0 H - S SR G B DL BT R B TR LT P TR
oo Fmaopnb-keal vl plaa e roe il ogag ek
S Lok oo b o o B bkl mnd md PR wHEL RS DT
lmikimr amn misn 8 eodrilaim me ms d.0 e anagcan: w8
- [ -5 /o TR e o e e ] - e ok o i T R
FErwrk;rnyrrecrorindizoca
Ldmaaiimomei b o @ smea coim o cos me be o omhe w6k Fim o branmn momdepr = o0 Bowyre daide m al dad nelan endm il
chrrinicea
Fherpeorw rerumioal se oot =i Fidrdoo

b omimd muna s mp; b, hm qmk 0l 5 amckE 8 % n el Riw
[T
Fodrgh Pna a0 e

Wi vod b wih il oo ries [t g ek i o d o e e

drar o T o o e e e e wrm
Dnid o sl Vb = W e vl o e Ll o

Kooy ko e b gnopo s
rmerhm s mpward | ins bemesid mhs o bad = e bg kol

Tt i Il e ed biw wm ol ] sl s i Ve ] g aits
W w2, vl gl oS e e

. e T B e ]
Vg Ir. hanr neamewid madonr
[ BT

Wiaiin | el b et ang v, B b 1R
LI 45
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4. Results

4.1. Comparative Results

All the translation outputs were generated between January and
September 2024. Table 4 presents the quantitative evaluation scores for
Google Translate, DeepL, and ChatGPT. While Google Translate achieved
the highest BLEU score, the margin between its score and DeepL’s was
minimal, with a difference of just 0.008. However, DeepL outperformed
the other models across the remaining three metrics. ChatGPT, on the
other hand, had the lowest scores in all evaluation metrics. This outcome
is noteworthy, especially considering that DeepL only added Arabic to its
supported languages in 2024, making it a potential alternative to the widely

used Google Translate for translators moving forward.

Table 4: Quantitative evaluation scores.

BLEU chrF++ TER COMET
Google Translate 0.197 58.1 0.731 0.411
DeepL 0.189 59.4 0.721 0.519
ChatGPT 0.151 54.6 0.797 0.418

4.2. Manual Inspection Results

Four types of errors were identified in DeepL’s output: accuracy,
linguistic conventions, style, and terminology. Some categories from the
MQM error typology did not apply to food safety regulations. For example,
these regulations are scientific texts with minimal culture-specific references
designed to serve as international standards. Additionally, the “design and
markup” category was irrelevant, as the regulations were provided in PDF
format, and DeepL does not yet support Arabic PDF translations. Instead,

780 University of Sharjah Journal for Humanities & Social Sciences, Volume 22, No. 4 December 2025



Rim Altakarli / Rania Al-Sabbagh (763-804)

translations into Arabic had to be done by copying and pasting the source
text into the DeepL interface. ChatGPT also faced challenges in generating
properly encoded Arabic PDFs, making it impossible to evaluate the design
and layout of the translated documents. Furthermore, no significant errors
in locale conventions were observed; numbers, measurements, and dates
were generally translated correctly, except for two instances where DeepL
used five “Y”s (YYYYY) for the year format.

4.2.1. Accuracy Errors

In addition to acronyms like GSFA (Codex General Standard for Food
Additives), some words were transliterated instead of translated by DeepL.
In Example 1, the system of measurement ‘avoirdupois,” which is based on
a pound of 16 ounces or 7,000 grains and widely used in English-speaking
countries, was transliterated into ) s—2 8- 5 #¥) <las i) which might be
hard to understand for the Arabic speaker, so the reference translation did
not just transliterate the word like DeepL. However, it also explained it
between brackets as J-= ) (by bound). Google Translate also occasionally
missed the translation of words, sometimes leaving them in English and
other times transliterating them inconsistently. For instance, “Codex” was
sometimes left in English, transliterated as (2 5S or ,«S25S, and occasionally

translated correctly as =3l ) giwall,

The net contents shall be declared in either (a) metric units or
“Systéme International” units or (b) avoirdupois unless both
systems of measurement are required explicitly by the country
in which the food additive is sold.
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sl sl (g il Al aill aladi by dlall g stiaall (e (Bl Gy
Ref | clalhic paii ol e gpatdaill aladiuly ol (Jdall) 5o 059 80 oLl

Claa g ol 4 yiall claa (1) Ll dlall il gisall e (Sle ) Gany
ji “g“_r‘jﬁ\ (:\_L..\S‘“ Q\JAJ..I ji LJKAS\ Q\JA}SLI (L?I) ji ,"“_r‘}ﬂ\ (:\_L..\n”
Losthae (el el SIS 55 o La e ) 53 sl 5 30 las sl (@)

A0l Adladl alall ad el g2l a bl J 8 e ayaillaay e

DeepL

No additions were found in DeepL’s output, but a few examples
of omission and mistranslations were noted. One example of omission
is “ingoing” in Example 2. As for Mistranslations, they occurred with
polysemous words when the wrong sense of the word is selected. For
instance, “claim” in Example 2 is translated as ¢L<=2Y!: although this is a
generally accepted translation, in this context, it is better translated as 42 sil)
(disclaimer). In the same example, “quality” was translated as 4= s (type)

rather than a “feature.”

The ingoing percentage of an ingredient (including com-
pound ingredients or categories of ingredients), by weight or
2 volume as appropriate, at the time of manufacture, shall be
disclosed for foods sold as a mixture or combination where

:the ingredient
(o de sene sl gz ho IS £ (1 Aia) clatiall ) dsailly ¢ oty
e OsSe ISl sl aaall (g A g1 4 il dpesil) S35 5 ol oSl
£ LY Gy (0l sSall i ) Ayl il oSl @lld 8 L) Ll 5

Ref

Al sl 8 el caiaill Me
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s S el s Sl elly b Lag) il sSall 4 giall dpil) (e ladY) Gany
DeepL | i) 4 3 caiail) ¢ 5 o LaiBY) cava aaall 5 ¢ 55l (@l Sl s

Sl 05 s el LA p L

Claim” means any representation which states, suggests*

or implies that a food has particular qualities relating to its

’ origin, nutritional properties, nature, processing, composition
.or any other quality
) aiiall s Liaa by ol iy ol 83l e siilly pllacany aly
Ref ot ol ddapla ol 43a)) aailad gl o juan Jadi i dima Ll e

A8 gl 43S 5
Claa 4l o1zl Ut-‘ liaa =% Ji = ji Ul Jiiad Lﬁ‘ (= “eleayl”

DeepL | sl sl i€ yi gl adallan ol afapuda of 4000500 dailas i oliiiay (3lati disea

oAl e g

Table 5 provides additional examples of mistranslation errors. For
instance, “immediate” was translated as 54 (instant) instead of _—ilw
(direct), which would have been more accurate in this context. Additionally,
“coined” and “fanciful” were translated as ¢l—=< (made-up) and s
(imaginative), neither of which fits the context or conveys the intended
meaning. A common mistranslation involved rendering “foods” as ab=k or
ixel(food) instead of 413 <ilaiis (a food product), as in the reference
translation. This can be considered an under-translation, as the former refers
to all types of edible substances—whether raw, processed, or packaged. In
contrast, 4012xl) ciladiall specifically refers to processed and packaged foods
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prepared for sale.

Table 5: Examples of mistranslation errors.

Source text

Reference

DeepL

Foods for Cater-“
ing Purposes” means
those foods for use in
restaurants, canteens,
schools, hospitals and

similar institutions
where food is offered
for immediate con-

.sumption

Cilatially 3 Hles daly g

A el aeaal
pelhall 8 p2diud Al
Dol g Cacaliall
(el e 5 il
285 m ABLaal syl
AN Al eiatidl

8kl

s ) 2 Y Ak
Laxka¥l) elli s “aladall
aclaall & deddiol)
ol s Caaliall g
il sl g g diiiall
22355 L 2y ) AliLaall

sl DS LlaLall

A “coined”, “fanci-

ful”, “brand” name
or “trademark” may
be used, provided it
accompanies one of
the names provided in
Subsections 4.1.1.1 to

4.1.1.3

«E Sy anl aladTl gy
Lo a5l Caaniugy
Ay lad Aadle” sl VAl
elantyl aaly il ) b i
Lo il ALdY) a5 ) SAal)

3-1-1-4 Y 1-1-1-4 0

46 lad” aul 223l 3
ke 5 7 s
g jlad dadlet ) 7 las
U smaae 5% of Ay 5
23305l elan) aaly
4-1-1-1- s due ) HLdY)

4-1-1-3 1

784
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4.2.2. Linguistic Convention Errors

DeepL made errors in word forms, particularly in agreement between
nouns and their modifying adjectives, subjects and verbs, or pronouns and
their referents regarding gender, number, and definiteness. For instance,
in Example 4, the noun <ULl (the families) should be referred to using
singular feminine pronouns rather than plural masculine ones. Also, the

verbs should have been conjugated in the singular feminine form.

Consumer” means persons and families purchasing and*
4
.receiving food to meet their needs
Al il g yiis Al g (alas Y (@lgiualy mllhias dai
.Ref
Apadtl) Leilaliia) dulil Lggle Juans
Al A0 W) o gty g () gy CpAll el 5 (alalY) iny el
DeepL
Apaddl) agilalial

DeepL’s output had unnatural collocations. For instance, “crops
husbandry” was translated as J—alsall 4 55 (literally: raising or bringing
up crops). While “husbandry” can be translated as raising or bringing up,
Jwalsall 4 5 is an inappropriate collocation, as the more common phrase
is daladldel ) (growing crops). Similarly, “acceptable for consumption”
was rendered as <23 Y sis (literally: accepted for consumption) instead
of the more standard collocation <>giw L8 (consumable). Additionally,
translating “product durability” as il 45U is incorrect when referring
to food, as food typically collocates with 4oa3la (expiration/shelf life)
rather than “durability.” A more accurate translation would be ziill 4a3a
(product shelf life).
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At times, DeepL followed the punctuation patterns of the source text,
disregarding the differences in punctuation usage between English and
Arabic, leading to awkward translations. In Example 5, using multiple
commas appears unusual to Arabic readers, though it does not affect the
overall comprehension. By contrast, the reference translation used only

two commas, which is more appropriate in Arabic.

Instructions for use, including reconstitution, where appli-
5 cable, shall be included on the label, as necessary, to ensure

.correct utilization of the food
Ll 4y ¢S5 3ale ) laalat Jadiy Loy (S13a]) el aladinl Cilaglad 833

Ref e\di:uy‘ Olaa N e oLl Caeny ?3“""33“ Ay e igﬂh Galaiy

.‘553\;\&.3\ C_"\.mﬂ c.};.a]\

el ie ¢ oSl ke ) Glld L Lay caladin) colagla 5 () ang

DeepL

el c.};ml\ e\difu.u\]\ Olasal (eliaidy) Cua ‘?‘“’)“ Qs e

Additionally, DeepL sometimes struggled with specific structures, such
as “single ingredient product” in Example 6. This noun phrase requires a
preposition like (= (of) in Arabic, as in 2l () 5Se = 73 (a product made
of one ingredient). Omitting the preposition negatively affects readability
and it can lead to confusion or misinterpretation. Similarly, DeepL
mistranslated the phrase “water-extracted fruit juice” in Example 7, using
the preposition o« (from) instead of the correct prepositional phrase 4wl 5

(by using), which better conveys the intended meaning.
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When a single-ingredient product is prepared from an irradi-
6 ated raw material, the label shall contain a statement indicat-
.ing the treatment
Leiadlae chad 1A Bale (e WAl 2a) 5 () S (e e dlae) o Ladie
.Ref
Al ells Ny S geiiall s 53 AUy (83 3 (O (i e a2l
6 i O Gony (Lgaandi 5 1A Bale (e 2a) 5 ()5S e oy Ledic
DeepL
Aallal Sty oy Sl il Geale
7 Water Extracted Fruit Juice defined under Section 2.1.3
Ref 31.2 e.mﬁ\ @ 22l ganll ‘Ar— gLl dda ] C);:u.u.d\ PPINE| ac
DeepL 2.1.3 il G dasall elall (e 7 jATal) 4eSW jrae

At times, DeepL avoided the linguistic convention errors found in

Google Translate. In Example 8, Google Translate mistakenly used the

past-tense negation particle ~! (not), while DeepL appropriately used the

present-tense negation particle ¥ (not). Another frequent error in Google

Translate’s output, which DeepL handled correctly, was skipping the

definite article in mass nouns. In Arabic, collective or mass nouns should

be definite. For instance, “poultry meat” should be translated as g2 52 a sl
(the poultry meat), not (= 52 as—=l; similarly, “fish” should be J—u¥), not
élleul, and “starch” as &l not L,
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In the absence of any such name, either a common or
usual name existing by common usage as an appropriate
descriptive term which was not misleading or confusing

.to the consumer shall be used

sl &Ll au¥) aading celanl) 038 (e anl (5T 3 5a 5 p2e Als

DeepL Y aulie a5 allaiaeS 2Ll Aladiu¥) s 3 s gal) inall
Aleaall 18 e i Slma 55

bl ) Lol aladind sy cJal) 138 e ) g 250 5 p2e Al

Sl ulia Aua g mllaiadS 28LA] A2l JYA (e 3 9 9o 2lina

il 1 ja of Miae

Google

Translate

4.2.3. Style Errors

One stylistic error was the awkward use of the passive voice through
the dummy verb “»~=" (or its derivatives) followed by a verbal noun. This
construction is generally considered a poor style and is often rejected by
translation reviewers and editors (Elsherif, 2023; Versteegh, 2014). It is
preferable to use the passive voice verb directly. However, DeepL used it
significantly less frequently than Google Translate, which translated most
passive voice verbs in this manner. A comparison of the three models’
outputs can be seen in Table 6. Another poor style was the use
of prepositional phrases starting with JS-% (in a manner). Such a style
is unnecessarily wordy and would better be replaced by just the adverb;

compare the reference translation with DeepL’s output in Example 9.
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Google
Source Text ChatGPT DeepL
Translate
General
standard for Alal) Al sall
the labeling of ) o ‘ LY sl
sl clatiall | e shoal) aalad) o
prepackaged Sa 3Lzall
foods
Adopted in ale (8 2aic) )
1985 ale aaic) 1985 & Casie]
.1985 .1985
Amended in Aloel Bl | il dalaasad | 199] & il
1991, 1999, 199951991 <1999 <1991 2001519995
2001, 2003, 2003520015 <2003 <2001 2003520015
2005, 2008 and | 200852005 <2008 <2005 200852005 s
2010 2010 20103 20105
Revised in Lﬁ 4:"%‘)4 Cal el-“— @ ‘ﬂaA\)A o~ ,
2018 & i
2018 2018 2018

9 falling in the respective classes and appearing in lists of food

The following class titles may be used for food additives

:additives permitted generally for use in foods
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z o A Ae Y1 ) Adliaall of gall AN il oy glie aladial sag
Ref z sl 36 Y1 ) A8liaall of sall 230 8 853l 5l 5 il o34 (para

L sac Ailaal) Cilatiall 3 Lgaladinly
) Cpania g pais Al 33l Cliliaall A0l Sl o lie aladia) S

Deepl | 42 & lealaiuls 7 gansal) 451380 cililiaall i) 8 3 jedai g cdyinal)

ele JS5

One last thing that exacerbated the awkwardness of DeepL’s style was
the repetitive use of the same word instead of employing synonyms or
near-synonyms. In Example 10, the source sentence contained numerous
near-synonyms or words belonging to the same semantic field, such as
“tag, brand, mark, pictorial, or other descriptive matter,” on the one hand,
and “written, printed, stenciled, marked, embossed, or impressed on, or
attached to,” on the other hand. In the reference translation, each word was
assigned a different Arabic term to encompass the full range of possible
labeling methods for the first group of words and the full range of possible
attachment techniques for the second group. However, DeepL used the
exact translation for all words, resulting in an awkward translation that
does not fully convey the breadth of information expressed in the source

segment.

_Label” means any tag, brand, mark, pictorial, or other*

10 descriptive matter written, printed. stenciled, marked,

.embossed, or impressed on or attached to a container of food
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Gosa O ol ASle o and 5f3 L) (5l i sil) Ay mllaiany 2l

Ref | 380 (i (gt ol pgida gl & gada gl g sudae ol 5i€a AT day o

Lo (38 30 5l () il 4y la e o gas s

aﬂémjgﬁugijib'_)jm}i:\.ﬁ)\sJihk}ih)&éiwﬁ\d@*j

DeepL o Adna 5l A g ga gl Aagas g sl A sy o) Al 51 4 i (g A

Lo dale 3l e 45 gana ol A g8ia

Alongside awkward styles, DeepL displayed some inconsistencies.
For example, the term “label” was sometimes translated as (3—<lk “and at
other times as ~~3" (a marking) or 48l “(a card).” Also, in the list of
foods in Table 7, DeepL sometimes used a resumptive pronoun to refer to
the head noun of the noun phrase instead of repeating it; however, other
times, it repeated the head noun; the reference translation consistently used
resumptive pronouns, which is considered a more eloquent style in Arabic
(Badawi et al. 2016).

Table 7 Examples of DeepL’s inconsistencies in using resumptive

pronouns.
Source Phrase DeepL Reference
Crustacea and
tlgilatia g iy ual) lgiliida g iy il
products of these;
Eggs and egg
tailaiie g Gl Al 5 and)
products;
Fish and fish )
el Cilaiiall g Sllensy! caliiiia g land)
products;
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Peanuts, soybeans,

el 55 (il el il

sl 55 (il el il

included);

and products of these; tlgiladiag flaialaida
Milk and milk )
Lay) Gl st g calall |8 Lay) Sliidia g cdal)
products (lactose
f(OsaSU) elly 4 ¢SO el

Tree nuts and nut

products;

¢ 5 gal) Ciladia g il Sl

lgiliidia 5 Ay 3 sall Ll

4.2.4. Terminology Errors

Translation errors manifested in 80 incorrectly translated terms and two

inconsistent terms across the regulations. Several reasons contributed to

incorrect term translations. Firstly, some terms were translated so literally

that the resulting translation became a non-existent term. Examples of these

are listed in Table 8.

Table 8 Examples of literally translated terms.

Source Term DeepL Reference
crystalized fruit 5y sliia 4810 Sl 3 dds sina dSld
single strength juice 35ill salal juaall Soall e yuasll
citrus reticulata KAl luaeall (s sall 4gSa
Glazing agent g il dale aali Jale
directly expressed fruit i) ylac Ay Al 48l yiliac
juices EENS 1IN 5 pilie Lgie i)

792
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Another reason for incorrect term translations is Google Translate’s
inability to capture the context-specific meaning of the term. For example,
diffusion generally translates into -3 (dispersion); however, in the
context of food preparation, it is better translated as & (soaking), as shown
in Example 11.

Water Extracted Fruit Juice is the product obtained by diffu-
11
:sion with water of

w@hdw\éﬁéﬂ‘cﬁ-‘ﬂs\}“Gw\‘\jﬂ“‘}-’cw‘&é&‘w

248 & Lg.ﬂ\ sl D

Ref

Gab oo ade Jpmnl) a3 il oo olally Galiived) 4gSEl ypae
DeepL
s elaly iy

One last reason for incorrect term translations is that some terms were
left in English without translation or transliterated into Arabic letters.
While it is common for professionals in health-related domains to use
English terms or transliterations when writing, translation is to provide an
understandable text in the target language. Even the reference translation
attempted to provide Arabic translations for these terms; compare Google
Translate’s output to reference translations in Table 9.

Table 9: Examples of transliterated terms.

Reference
Source Term DeepL

Translation
monohydrate el gl daley! salal

calco-carbonate )
Gl g S SIS ) 68 ool Sl 1l g0 S A ) ga

equilibrium
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In addition to the incorrect term translations, there was frequent
inconsistency in translating the terms purée and nectar. Purée was
transliterated as 4=, s, while at other times, it was rendered as o+s_—=.
Similarly, fruit nectar was frequently and incorrectly translated as 3—>))
4.8l but sometimes it was correctly translated as 4eSW&l) JUSS [deally, G
collocates with flowers and roses rather than fruits, and the transliterated

word U85 is commonly used in the Arab world.
5. Discussion

The fact that ChatGPT performed the worst compared to Google
Translate and DeepL contradicts recent findings by Kadaoui et al. (2023)
and Moslem et al. (2023), who demonstrated that GPT and other large
language models, such as Google Translate, Microsoft Translator, and
Amazon Translate. One possible explanation for this discrepancy could be
the translated text type. While Kadaoui and Moslem focused on general
domain texts such as newspaper articles, this study evaluates specialized
translation in food safety regulations. Specialized texts often involve
complex terminology, specific linguistic conventions, and a need for domain
expertise, which may present more significant challenges for ChatGPT
in its untuned form. Additionally, the fact that DeepL outperformed even
Google Translate suggests that it should now be used as a benchmarking
baseline for machine translation work involving Arabic. Currently, most
machine translation research for Arabic uses one or more of the three
dominant commercial systems—Google Translate, Microsoft Translator,

or Amazon Translate—as their baseline.

During the manual inspection of DeepL’s output, it became evident
that, although the translations differed from the reference texts, they
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maintained a level of eloquence and readability comparable to human
translations. This observation, supported by examples in Table 10, suggests
that the gap between machine and human translations is narrowing. Recent
research reinforces this, showing that humans are increasingly unable to
distinguish between machine-generated and human-generated translations.
For instance, Calvo-Ferrer (2023) found that viewers struggled to reliably
differentiate between ChatGPT-generated and human-created subtitles
in English-Spanish translations. However, lower-quality subtitles were
more often associated with machine translation. Similarly, Al-Sabbagh
(2024a) showed that participants had difficulty distinguishing between
human-generated and machine-generated English-to-Arabic translations of
patient information leaflets, further blurring the lines between human and
Al-produced content. These findings carry significant implications for the
translation industry, raising important questions about the future role of
human translators. As translation researchers and practitioners, it may be
time to reconsider traditional workflows and adapt to the rapidly evolving

landscape of translation technology.

University of Sharjah Journal for Humanities & Social Sciences, Volume 22, No. 4 December 2025 795



Specialized Translation Quality A Comparative Study of Google Translate,
DeepL, and ChatGPT in Translating Food Safety Regulations from English to

Arabic (763-804)

Table 10: Examples of DeepL’s translations that, while different from
the reference translation, are still acceptable.

Source Text

Reference

DeepL

The name and address
of the manufacturer,
packer, distributor,
importer, exporter or
vendor of the food

shall be declared.

Olsie 5 anl 83 Ay
é\hﬂ\ G."\.'\.d\ dae
S osal sl ol
S aadl §a ) sl

Eu

) oo gl g
Axiiaal A< 3N o) sie 4
Sde j el o Amdll
}i EJMAM }i EJJM\

A3 S Aail)

The label of a
food that has been
treated with ionizing
radiation shall carry
a written statement
indicating that
treatment in close
proximity to the name

of the food.

Al e 3 of o

B e e gl g i

g ladYL aiallas s
o 58 Gl (el

(n R e ) Allal) ol

133 el

13al) Geale Jesy o)l g
g LY aiallaa Caad (530)
s L i€ Tl cpall
e e o dalladl) ol

#1381
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If the language on
the original label
is not acceptable,
a supplementary
label containing

the mandatory

information in an

ALY Al il 13)
A sia e au gl dilad
g5 Ay ) e sl sy
A4 sill (ase AlaSs
@i o e ppmesill ale ]

an e bl A8

Leadiiveal) Aalll CailS 13
e Aglall dalay) b
Alainl ) gay (Al s
e (6 st Al Al
Ay Aol 1Y) il sledll

F}BJ\L!QAS{#MJ&A

acceptable language el 4 dlaall cila glaal)
)

may be used instead Al s

of relabeling.

When a food
undergoes processing
in a second country

i) aady Laie

that changes its
nature, the country in
which the processing
is performed shall
be considered to be
the country of origin
for the purposes of

labelling.

8 S e 133
Ay 6 aly 8 dianl e
dalac 48 (5 a0 gl AL
o sl Laid) aly oo aeadl

s il iy aa

O o O Al (G el
@égﬂ\dﬂ\&qcﬁ%

ol e Y Laad) aly jaganl)
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6. Limitations of the Study

The limitation of this study is the absence of information regarding
the generation process of the reference translations. The Codex website
offers no insight into the translation guidelines or resources employed. It
remains unclear whether these translations were created entirely by human
translators, underwent post-editing following initial machine translation, or
were generated using an in-house machine translation system. This lack of
transparency might hamper the ability to evaluate the reliability and quality
of the reference translations. However, despite this limitation, the reference
translations utilized in this study are the only official translations available

on the Codex website.
7. Conclusion

This study demonstrates that Deepl, despite only recently adding
Arabic to its supported languages, outperformed both Google Translate
and ChatGPT in translating food safety regulations from English to Arabic
across multiple evaluation metrics, including chrF++, TER, and COMET.
While DeepL exhibited errors related to accuracy, linguistic conventions,
style, and terminology, its output occasionally showed eloquence and
readability comparable to human translations. These findings suggest
that users who typically default to Google Translate due to its widespread
availability should consider Deepl as a viable alternative, especially
before making financial investments in machine translation services. The
same applies to ChatGPT despite its popularity. The study recommends
using DeepL as a benchmarking baseline for evaluating newly developed
machine translation models. More research is needed to assess DeepL’s

performance in other specialized translation domains, such as legal and
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technical translations. Lastly, rather than viewing high-quality machine
translation outputs as a threat, translation professionals should explore
integrating these systems into their workflows, utilizing post-editing to
maintain quality while benefiting from the speed and cost-efficiency of

machine translations.
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