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Abstract

This paper investigates stylistic variation
in English–Arabic news translation across
human and machine-generated outputs.
We compile a balanced dataset of 250
source texts and generate 1,000 trans-
lations using human translators, Google
Cloud Translation, GPT-4O, and a Qwen3-
8B-based open-source model. We per-
form a stylometric analysis measuring
structural and lexical properties, includ-
ing entropy, lexical diversity, repetition,
and length ratios. Results reveal con-
sistent, system-specific stylistic tenden-
cies. Machine-generated translations ex-
hibit normalization effects, with differ-
ences in compression, repetition, and lexi-
cal diversity across systems and target lan-
guages. These findings demonstrate that
modern translation systems produce dis-
tinct stylistic signatures, motivating eval-
uation beyond adequacy and fluency to-
ward fine-grained stylistic and discourse-
level measures.

1 Introduction

Modern machine translation (MT) systems in-
creasingly produce fluent and semantically accu-
rate outputs. Advances in neural machine trans-
lation (NMT), particularly Transformer-based ar-
chitectures (Vaswani et al., 2017), and instruction-
following large language models (LLMs) have im-
proved translation quality across many language
pairs (Zhang et al., 2023; He et al., 2024; Huang
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and Liu, 2024; Hendy et al., 2023). As a re-
sult, machine-generated translations often perform
well on conventional evaluation metrics such as
BLEU (Papineni et al., 2002) and COMET (Rei
et al., 2020). However, adequacy and fluency do
not fully capture the linguistic properties of trans-
lation. Systems that preserve meaning may still
differ in lexical richness, structural variation, rep-
etition, compression, and discourse organisation.

Research in translation studies and compu-
tational linguistics has long shown that trans-
lated texts exhibit systematic regularities, includ-
ing simplification, normalisation, and explicitation
(Baker, 1993; Volansky et al., 2015; Rabinovich
et al., 2017). These features, commonly associ-
ated with translationese, may appear through re-
duced lexical diversity, increased repetition, and
more regular structural patterns. Prior work sug-
gests that such effects can be amplified in machine-
generated translation, particularly in neural MT
systems (Vanmassenhove et al., 2019). More re-
cent studies further indicate that LLM-based trans-
lation may introduce stylistic homogenisation be-
cause alignment and instruction-tuning objectives
favour fluent, predictable outputs (Qian et al.,
2024; Kong and Macken, 2025). Entropy- and
distribution-based methods now make it possible
to examine these tendencies through interpretable
stylometric measures (Yao and Fan, 2025).

Despite these developments, systematic com-
parisons across human translation, commercial
neural MT, closed-source LLMs, and open-source
LLMs remain limited. Existing research has of-
ten focused on adequacy-oriented evaluation or
isolated human–machine comparisons. Less at-
tention has been paid to whether modern transla-
tion systems exhibit consistent and distinguishable
stylistic signatures across translation paradigms



and directions. This gap is especially relevant for
English–Arabic translation, where stylistic varia-
tion beyond conventional quality assessment re-
mains underexplored.

English–Arabic translation provides a useful
setting for this analysis because the two languages
differ substantially in morphology, syntax, and
discourse organisation (Hatim and Mason, 1990;
Dickins et al., 2016; Ryding, 2005). Arabic al-
lows greater flexibility in sentence structure, lexi-
cal elaboration, and cohesion strategies, whereas
English generally favours more constrained syn-
tactic patterns (Enfes et al., 2026). Consequently,
semantically equivalent translations may still dif-
fer in readability, redundancy, lexical density, and
discourse flow (House, 2015; Vanmassenhove et
al., 2019).

News translation is also an appropriate domain
because it combines stable communicative goals
with meaningful variation in discourse structure
and journalistic style (van Dijk, 1988). Contempo-
rary MT and LLM-based translation research con-
tinues to rely heavily on news and public-affairs
domains for evaluation and benchmarking (Kocmi
et al., 2024). However, comprehensive stylistic
comparisons spanning commercial MT systems,
proprietary LLMs, open-source LLMs, and human
translation remain underexplored.

To address this gap, this paper investigates
whether modern MT and LLM-based translation
systems exhibit identifiable stylistic signatures rel-
ative to human translation in English–Arabic news
translation. We compile a balanced bidirectional
dataset of news and public-affairs texts and gen-
erate translations using human translators, Google
Translate, GPT-4o, and a Qwen3-8B-based open-
source model. Using a multilingual stylometric
framework, we analyse lexical and structural vari-
ation through entropy-based, repetition-sensitive,
and distributional measures, complemented by
qualitative examination of discourse-level phe-
nomena such as simplification, redundancy, and
compression.

Our contributions are threefold:

• We introduce a controlled bidirectional
English–Arabic news translation dataset cov-
ering sentence- and paragraph-level outputs
across human, MT, and LLM-based condi-
tions.

• We develop a multilingual stylometric
framework combining entropy-based, lexical,

structural, and repetition-sensitive measures
for comparing translation outputs.

• We show that contemporary MT and LLM-
based systems exhibit consistent, system-
specific stylistic signatures, motivating style-
aware approaches to MT evaluation beyond
adequacy alone.

2 Related Work

2.1 Translationese, simplification, and
stylometric variation

Research in translation studies has long argued
that translated texts exhibit systematic linguis-
tic regularities that distinguish them from non-
translated language, a phenomenon commonly re-
ferred to as translationese. Foundational work
identifies recurring tendencies such as simplifica-
tion, explicitation, normalization, and levelling out
(Baker, 1993). Subsequent corpus-based studies
demonstrated that these phenomena are observ-
able through measurable linguistic properties, in-
cluding reduced lexical diversity, lower syntactic
complexity, increased repetition, and more regu-
lar structural patterns (Volansky et al., 2015; Ra-
binovich et al., 2017; Kong and Macken, 2025).
Simplification, in particular, has been extensively
examined using features such as sentence length,
clause density, and lexical richness. For example,
Liu and Afzaal (2021) report lower syntactic com-
plexity in translated English texts, supporting the
view that translation often favours structurally sim-
pler constructions.

Within machine translation research, these ques-
tions have increasingly been reframed in terms
of machine translationese, referring to system-
atic regularities introduced by machine-generated
translation. Prior studies show that neural MT out-
puts often exhibit stronger normalization effects
than human translation, including reduced lexical
richness and increased structural regularity (Toral
et al., 2018; Vanmassenhove et al., 2019). Such
findings suggest that stylistic compression in MT
output is not merely anecdotal but computation-
ally measurable. Recent work has further extended
this line of inquiry using entropy- and distribution-
based approaches. Yao and Fan (2025), for exam-
ple, demonstrate that lexical and syntactic varia-
tion across human, neural MT, and LLM-generated
translations can be effectively quantified using
entropy-based measures.



Stylometric analysis has played an important
role in operationalising these phenomena compu-
tationally. Rabinovich et al. (2017) show that
translated texts encode detectable statistical pat-
terns that can even reveal typological relationships
between languages, while Volansky et al. (2015)
provide a systematic characterisation of transla-
tionese features across multiple linguistic dimen-
sions. Together, these studies establish that trans-
lationese and machine translationese are not only
theoretically observable but also computationally
separable through lexical, structural, and distribu-
tional signals.

Despite these advances, existing work has
largely focused on isolated comparisons between
human and machine translation or on individual
MT paradigms. Comparatively little research has
examined whether commercial neural MT sys-
tems, proprietary LLMs, and open-source LLMs
exhibit distinct and internally consistent stylis-
tic signatures within a unified comparative frame-
work, particularly in English–Arabic translation.

2.2 LLM-based translation and prompting

Large language models have recently become
competitive alternatives to conventional neural MT
systems, with strong performance across language
pairs and domains. Prior work shows that prompt
formulation, example selection, and multi-step
prompting can substantially affect translation qual-
ity, robustness, and error reduction (Zhang et al.,
2023; He et al., 2024).

Unlike conventional NMT systems, LLM-based
translation is shaped by prompting conditions, de-
coding behaviour, alignment objectives, and in-
teraction design. These factors may affect not
only semantic correctness, but also lexical varia-
tion, sentence structure, repetition, and discourse
organisation. Recent studies suggest that instruc-
tion tuning and alignment can encourage stylistic
homogenisation by favouring fluent, predictable,
and regular outputs (Qian et al., 2024; Kong and
Macken, 2025).

However, most research on LLM-based transla-
tion still focuses on adequacy, fluency, hallucina-
tion reduction, or prompting efficiency. Less at-
tention has been paid to whether different LLM-
based systems produce distinguishable stylistic be-
haviours relative to human translation and conven-
tional neural MT.

2.3 Evaluating translation beyond adequacy
and fluency

Machine translation evaluation has traditionally
centred on adequacy and fluency, often measured
using automatic metrics such as BLEU (Papineni
et al., 2002) and neural metrics such as COMET
(Rei et al., 2020). Although these metrics are use-
ful for assessing semantic correctness, they are less
sensitive to stylistic and discourse-level variation
(Freitag et al., 2022). Translations with similar ad-
equacy scores may still differ in readability, lex-
ical richness, compression, repetition, and struc-
tural organisation.

Recent work has therefore called for broader
and more context-sensitive evaluation frame-
works. Liu et al. (2024) argue for incorporat-
ing translation-studies perspectives into MT evalu-
ation, especially communicative purpose and con-
textual appropriateness. Qian et al. (2024) show
that LLM-based evaluation is sensitive to prompt
design, annotation guidelines, and reference infor-
mation, while Song et al. (2025) show that com-
parative judgment frameworks can improve con-
sistency in human evaluation.

These developments show that translation qual-
ity cannot be reduced to semantic equivalence
alone. However, evaluation remains largely
accuracy-oriented and often overlooks stylistic and
structural variation. Stylometric analysis offers
a complementary approach by capturing lexical,
structural, and discourse-level properties that con-
ventional MT metrics may miss.

2.4 Machine translationese in news
translation and the Arabic–English
setting

News translation is a useful domain for study-
ing stylistic variation because it combines stable
communicative goals with variation in discourse
structure, lexical choice, and rhetorical organisa-
tion (van Dijk, 1988). It also remains central to
MT and LLM-based evaluation and benchmarking
(Kocmi et al., 2024). Prior work shows that ma-
chine translationese is detectable in news transla-
tion: Kong and Macken (2025), for example, find
measurable differences in lexical diversity, sen-
tence structure, and discourse cohesion between
neural MT, LLM-generated, and human English–
Chinese news translations.

The Arabic–English setting is especially rele-
vant because the two languages differ substan-



tially in morphology, syntax, lexical formation,
and discourse organisation. Arabic’s rich morphol-
ogy, flexible sentence structure, and lexical vari-
ation create challenges for MT systems and may
make stylistic regularities more visible in trans-
lated output. However, prior work on Arabic–
English MT has focused mainly on adequacy, error
analysis, and system-level quality assessment. Ab-
delaal and Alazzawie (2020), for instance, identify
omissions, insertions, and lexical inaccuracies in
Google Translate news outputs.

To our knowledge, no prior work has jointly
compared human translation, commercial neu-
ral MT, proprietary LLMs, and open-source
LLMs within a unified English–Arabic stylomet-
ric framework. The present study addresses this
gap by combining entropy-based, lexical, struc-
tural, and repetition-sensitive measures with qual-
itative discourse analysis.

3 Methodology

3.1 Study design and dataset
The study uses a controlled within-item compar-
ative design to examine stylistic variation across
human and machine-generated translations. Each
source text was translated under all experimen-
tal conditions, enabling direct system compari-
son while controlling for source-content variation.
This design helps minimise confounds related to
topic, genre, or source-text differences (Song et al.,
2025).

The dataset contains 250 contemporary news
and public-affairs texts: 125 English-source items
translated into Arabic and 125 Arabic-source items
translated into English. It includes short sentences,
long sentences, and short paragraphs to examine
whether stylistic tendencies remain stable across
different discourse lengths and structural condi-
tions.

Table 1 summarises the distribution of text
types, translation directions, and source-token
statistics.

Text type Items En→Ar Ar→En Tokens Mean

Short sent. 100 50 50 1,219 12.2
Long sent. 100 50 50 2,668 26.7
Paragraphs 50 25 25 2,028 40.6

Total 250 125 125 5,915 23.7

Table 1: Source-text dataset statistics by translation direction,
including item counts and mean source-token length.

The source texts were manually selected from

approximately 600 candidate items drawn from
BBC News, Sky News, and Al Jazeera. The
screening process excluded fragments, ticker-style
content, title-only strings, incomplete passages,
and texts dependent on missing context. The
final dataset preserves natural variation in news
discourse while maintaining comparability across
translation conditions.

Existing English–Arabic parallel corpora were
not used because the study requires controlled
within-item comparison across contemporary hu-
man and machine translation systems. Many pub-
lic corpora also provide limited information about
translation provenance, post-editing status, or gen-
eration conditions, which is problematic for stylo-
metric analysis.

Each source item was translated under four con-
ditions, resulting in 1,000 translated outputs.

3.2 Translation conditions

Each source text was translated under four con-
ditions: human translation, Google Translate,
GPT-4o, and Qwen3-8B. Google Translate
served as a commercial neural MT baseline, while
GPT-4o and Qwen3-8B represented closed-source
and open-source LLM-based translation settings,
respectively.

Google Translate outputs were generated using
the Google Cloud Translation API in April 2026
with the default neural MT configuration.1 GPT-
4o translations were generated through the OpenAI
API using deterministic decoding, and Qwen3-
8B was run with the same prompting configura-
tion. No post-editing was applied to any machine-
generated outputs.

Human translations were produced indepen-
dently by two bilingual graduate translators who
are native speakers of Arabic. Translators worked
only from the source text and did not have access to
machine-generated outputs. Instructions empha-
sised preserving meaning, tone, and completeness
without summarisation, omission, or stylistic sim-
plification. These translations served as the human
reference condition.

For the two LLM-based conditions, the same
translation prompt was used across all items to
minimise prompt-induced variability. The prompt
instructed the models to preserve meaning, tone,
named entities, dates, numbers, and paragraph

1See https://docs.cloud.google.com/transl
ate/docs/advanced/nmt-model.

https://docs.cloud.google.com/translate/docs/advanced/nmt-model
https://docs.cloud.google.com/translate/docs/advanced/nmt-model


structure while returning only the translated text.
Temperature was set to 0 for all LLM outputs to
ensure deterministic behaviour and improve com-
parability across systems.

The prompt used for GPT-4o and Qwen3-8B is
provided in Appendix A.1.

3.3 Data preparation and alignment

All translations were merged into a unified com-
parison table using shared item identifiers. Each
record contains the source text, source language,
target language, text type, and the four aligned
translations. Outputs were stored in UTF-8 format
and manually checked for encoding problems, for-
matting corruption, empty outputs, and incorrect-
language generations.

Preprocessing was intentionally minimal in or-
der to preserve stylistic characteristics. Process-
ing was limited to whitespace cleanup and Uni-
code normalisation where necessary. No gram-
matical correction, spelling correction, or stylis-
tic editing was applied after translation genera-
tion. Moreover, tokenisation was performed sep-
arately for English and Arabic. English tokeni-
sation used standard whitespace and punctuation
segmentation. Arabic tokenisation employed rule-
based clitic segmentation and orthographic nor-
malisation because tokenisation substantially af-
fects distributional and length-sensitive measures
in morphologically rich languages.

Because English–Arabic and Arabic–English
outputs are not directly comparable at the sur-
face level, all analyses were conducted separately
by translation direction. Paragraph-level items
were additionally analysed independently from
sentence-level items for measures sensitive to dis-
course structure and sentence segmentation.

3.4 Stylometric analysis

The quantitative analysis focuses on lexical, struc-
tural, repetition-based, and discourse-level fea-
tures associated with translationese and machine-
generated language (Vanmassenhove et al., 2019;
Liu and Afzaal, 2021; Yao and Fan, 2025). These
measures capture multiple dimensions of stylistic
behaviour rather than treating translation quality or
simplification as a single property.

Structural measures. Output length was mea-
sured in tokens and compared with source length
using the following length-ratio metric:

LengthRatioi =
|Ti|
|Si|

where |Ti| denotes the number of tokens in
translation i and |Si| denotes the number of tokens
in the corresponding source text. Values above 1
indicate expansion, while values below 1 indicate
compression. Mean sentence length was also com-
puted for each system and translation direction.
For paragraph-level items, sentence counts were
used to identify splitting, merging, or restructur-
ing.

Lexical distribution and entropy. Lexical pre-
dictability was estimated using token-level Shan-
non entropy:

H(T ) = −
∑
w∈V

p(w) log2 p(w)

where V represents the output vocabulary and
p(w) the relative frequency of token w. Entropy
was calculated over concatenated outputs grouped
by system, translation direction, and text type to
improve stability for shorter texts. Higher entropy
indicates greater lexical dispersion, while lower
entropy indicates greater predictability.

Lexical richness was measured using moving-
average type-token ratio (MATTR) (Covington
and McFall, 2010), which is less sensitive to text
length than raw type-token ratio. MATTR was
calculated separately for each system-by-direction
subset.

Repetition and simplification. Repetition was
measured using repeated-token, repeated-bigram,
repeated-trigram, and duplicate-sentence rates.
Repeated bigram rate was used as the main repeti-
tion measure because it captures local phrasal re-
currence while remaining less sparse than higher-
order n-grams.

Simplification was treated as a multidimen-
sional construct, reflected in lower lexical rich-
ness, reduced entropy, shorter output length rela-
tive to the source, and lower mean sentence length.
This follows prior work showing that simplifica-
tion emerges through interacting lexical and struc-
tural tendencies (Liu and Afzaal, 2021; Yao and
Fan, 2025).

Discourse-level behaviour. Paragraph-level
outputs were analysed to assess discourse-level
behaviour beyond sentence-level translation,



including boundary preservation, sentence re-
structuring, expansion or compression, and added
discourse framing or connectives.

3.5 Qualitative analysis

Quantitative analysis was complemented by close
qualitative examination of representative transla-
tion examples. The qualitative component was
designed as metric-guided close reading rather
than a separate annotation study. Its purpose was
to explain how stylometric tendencies observed
quantitatively manifested in concrete translational
choices.

The qualitative categories were defined prior to
analysis based on the stylometric dimensions in-
vestigated quantitatively and on prior research on
translationese and machine translationese. The
analysis focused on repetition, redundancy, explic-
itation, compression, omission, register shift, liter-
alness, awkward phrasing, and discourse restruc-
turing.

Examples were selected using a purposive sam-
pling procedure guided by quantitative results.
Outputs exhibiting strong compression, expan-
sion, entropy change, repetition increase, lexical-
richness reduction, or sentence-length variation
were first identified at the item level. Candidate
cases were then grouped by translation direction,
text type, and system, after which representative
examples illustrating recurring system-level ten-
dencies were selected for close comparison against
the source text and competing translations.

3.6 Statistical analysis

Because each source item was translated under
all experimental conditions, the study employs
a repeated-measures design. Statistical analyses
were conducted on aligned outputs sharing the
same source item and were performed separately
for each translation direction.

Because stylometric measures were not as-
sumed to follow normal distributions, non-
parametric repeated-measures tests were used
throughout. Omnibus system differences were as-
sessed using the Friedman test, followed by pair-
wise Wilcoxon signed-rank tests with Holm cor-
rection for multiple comparisons. Effect sizes
were reported alongside significance tests using
Kendall’s W for Friedman analyses and rank-
biserial correlation for Wilcoxon comparisons as
shown in Table 2.

Sentence-level and paragraph-level analyses
were additionally reported separately in order to
avoid masking discourse-sensitive effects through
aggregation.

To ensure reproducibility, we make available
all prompts, preprocessing scripts, stylometric-
analysis code, and aggregated experimental out-
puts on this link https://github.com/N
RAwwad/stylometric-english-arabi
c-translation.

Metric χ2 p W

Sent. length 29.489 < .001 .098
Token count 32.328 < .001 .108
Token entropy 28.997 < .001 .097
Token/source 32.328 < .001 .108

Table 2: Significant Friedman tests for English-to-Arabic
sentence-level outputs.

4 Findings from Quantitative Analysis

4.1 Overall stylistic profiles

Table 3 summarises the principal stylometric fea-
tures across translation conditions and target lan-
guages. Although many numerical differences are
modest in magnitude, the repeated-measures anal-
ysis indicates that several patterns are statistically
consistent across aligned source items, particu-
larly for Arabic-target outputs (see Section 3.6).
The findings therefore suggest stable system-level
stylistic tendencies rather than random variation.

A clear asymmetry emerges across translation
directions. Arabic-target outputs exhibit stronger
divergence across systems than English-target out-
puts, especially with respect to compression, lexi-
cal dispersion, and sentence expansion. This pat-
tern is consistent with the greater morphological
and syntactic flexibility of Arabic, where stylistic
variation may become more visible at the lexical
and structural levels (Enfes et al., 2026).

For Arabic-target texts, Google Translate pro-
duces the most expansive outputs overall, with the
highest mean token count (22.71), sentence length
(19.83), entropy (4.25), and MATTR-50 (0.959).
These results suggest a tendency toward lexical
elaboration and structural expansion relative to the
other systems. By contrast, Qwen3-8B consis-
tently produces the most compressed Arabic out-
puts, with the lowest token count (21.80), sentence
length (19.14), entropy (4.18), and source-length
ratio (0.917). The lower entropy and reduced lex-

https://github.com/NRAwwad/stylometric-english-arabic-translation
https://github.com/NRAwwad/stylometric-english-arabic-translation
https://github.com/NRAwwad/stylometric-english-arabic-translation


Target Condition Tokens Sent. len. Entropy MATTR Bigram rep. Ratio

Arabic Google 22.71 19.83 4.25 0.959 0.0032 0.965
Arabic Human 22.01 19.38 4.20 0.957 0.0020 0.930
Arabic GPT-4o 22.09 19.26 4.20 0.956 0.0029 0.933
Arabic Qwen3-8B 21.80 19.14 4.18 0.956 0.0023 0.917

English Google 29.29 25.17 4.41 0.883 0.0131 1.256
English Human 29.78 25.27 4.42 0.881 0.0108 1.274
English GPT-4o 29.98 25.17 4.42 0.874 0.0127 1.282
English Qwen3-8B 29.43 24.47 4.43 0.879 0.0107 1.273

Table 3: Main stylometric measures by target language and
translation condition. Values represent item-level means.

ical dispersion suggest stronger normalization and
concentration effects in the open-source condition.

GPT-4o and the human translation condition oc-
cupy an intermediate position and remain closely
aligned across most Arabic-target measures. This
convergence is notable because GPT-4o was gener-
ated under deterministic decoding conditions, sug-
gesting that alignment objectives and instruction-
following behaviour may nevertheless produce
outputs structurally close to human journalistic
translation norms.

Differences among English-target outputs are
comparatively smaller but remain systematic.
GPT-4o produces the highest mean token count
(29.98) and source-length ratio (1.282), indicating
a mild tendency toward expansion relative to the
source. Qwen3-8B exhibits the highest entropy
(4.43), although the difference is extremely small
and should therefore be interpreted cautiously as
only marginally greater lexical dispersion. Google
Translate produces the highest MATTR-50 (0.883)
together with the highest repeated-bigram rate
(0.0131). The co-occurrence of lexical variation
and local phrase repetition suggests a more uneven
lexical distribution in which varied vocabulary co-
exists with recurrent discourse framing and formu-
laic phrasal patterns.

Overall, the findings indicate that contempo-
rary translation systems exhibit stable but distinct
stylistic profiles. Google Translate shows stronger
expansion and repetition tendencies, Qwen3-8B
exhibits greater compression and lower lexical
concentration in Arabic-target outputs, while GPT-
4o remains consistently closest to the human trans-
lation condition across several lexical and struc-
tural dimensions.

4.2 Machine outputs relative to the human
translation condition

Table 4 reports paired deviations between each
machine condition and the corresponding human
translation for the same source item.

Target Cond. Tok. ratio Len. ratio Ent. ∆ MATTR ∆ Bi-rep. ∆

Arabic Google 1.039 1.029 0.052 0.0019 0.0012
Arabic GPT-4o 1.003 0.995 0.002 -0.0008 0.0009
Arabic Qwen3 0.992 0.989 -0.021 -0.0010 0.0002

English Google 0.990 1.013 -0.009 0.0021 0.0023
English GPT-4o 1.013 1.011 0.002 -0.0065 0.0019
English Qwen3 1.005 0.995 0.003 -0.0019 -0.0001

Table 4: Machine outputs relative to human translations. Ra-
tios above 1 indicate higher values than humans; deltas show
absolute differences.

For Arabic-target texts, Google Translate is on
average 3.9% longer than the human translation
and shows higher sentence length and entropy, re-
inforcing its tendency toward expansion and lex-
ical elaboration. GPT-4o remains very close to
the human condition across most measures, while
Qwen3-8B is slightly shorter and shows the largest
negative entropy shift, suggesting stronger com-
pression and lexical concentration.

English-target differences are smaller but still
consistent. Google Translate produces slightly
shorter outputs than the human condition, but with
longer sentence length, higher MATTR-50, and
higher repeated-bigram rates, suggesting recurrent
local phrasing despite relatively diverse vocabu-
lary. GPT-4o remains close to the human baseline,
while Qwen3-8B produces shorter sentences and
slightly lower lexical richness.

Overall, the differences are modest and should
be interpreted as tendencies rather than categori-
cal distinctions. Their consistency across aligned
items nevertheless suggests identifiable system-
level translational preferences under controlled
prompting conditions.

4.3 Paragraph-level behaviour
Paragraph-level analysis provides a useful set-
ting for observing stylistic restructuring beyond
sentence-level translation, including segmentation,
clause coordination, and discourse continuity.

For Arabic-target paragraphs, the differences
between systems are relatively small. Google
Translate produces slightly longer and higher-
entropy outputs than the human condition, while
Qwen3-8B is marginally more compressed and
has the lowest MATTR-50 value. This pattern is
consistent with the sentence-level results, where
Qwen3-8B showed reduced lexical dispersion in
Arabic-target translation.

The English-target paragraphs show clearer
variation. As shown in Table 5, the human con-
dition has the highest mean token count, while



Target Cond. Tokens Sents. Sent. len. Entropy MATTR Bi-rep.

Arabic Google 37.16 1.88 23.82 5.05 0.938 0.0041
Arabic Human 36.92 1.84 23.80 5.01 0.930 0.0061
Arabic GPT-4o 36.92 1.84 23.80 5.01 0.930 0.0061
Arabic Qwen3 36.68 1.88 23.36 5.00 0.925 0.0044

English Google 51.56 1.80 32.28 5.14 0.809 0.0286
English Human 52.92 1.88 30.87 5.16 0.806 0.0266
English GPT-4o 52.60 1.92 30.18 5.18 0.809 0.0257
English Qwen3 50.68 2.00 28.23 5.16 0.817 0.0221

Table 5: Paragraph-level stylometric properties of human and
machine translations by target language and system.

GPT-4o remains close in both length and entropy.
Qwen3-8B produces shorter outputs but has the
highest mean number of sentences per paragraph,
suggesting a tendency toward sentence splitting
and structural simplification.

Google Translate also produces shorter English-
target paragraphs than the human condition, but
with higher repeated-bigram rates and longer mean
sentence length. This suggests a smoothing ten-
dency, where clauses are combined into longer
units while relying more on recurrent phrasal pat-
terns.

Overall, the paragraph-level results show that
stylistic divergence is not limited to lexical choice.
Machine translation systems also differ in sentence
restructuring, paragraph rhythm, and discourse or-
ganisation, especially in English-target connected
discourse.

4.4 Surface lexical similarity to the human
translation condition

Table 6 reports a surface-level lexical similarity
analysis between the human translation condition
and the machine-generated outputs. For each item,
the nearest machine condition was identified us-
ing token-set Jaccard similarity against the corre-
sponding human translation. The analysis was in-
cluded to examine lexical alignment patterns rather
than translation quality itself.

GPT-4o is the nearest condition to the human
translation in 179 out of 250 items, substantially
exceeding both Google Translate and Qwen3-8B.
Mean Jaccard similarity is also highest for GPT-
4o (0.903), indicating considerably stronger lexi-
cal overlap with the human translation condition.

Because token-set Jaccard similarity ignores to-
ken order, sequence-sensitive similarity was addi-
tionally examined using word error rate (WER),
where the human translation served as the refer-
ence and machine outputs as hypotheses. Lower
WER values indicate closer token-sequence align-

ment with the human translation. The WER re-
sults confirm the same overall pattern: GPT-4o
exhibits substantially lower mean WER (0.0603)
than Google Translate (0.3196) and Qwen3-8B
(0.4269).

Importantly, surface lexical similarity should
not be interpreted as a direct measure of trans-
lation quality or stylistic adequacy. High lexi-
cal overlap may arise from similar lexical choices
while still differing in discourse organisation, sen-
tence rhythm, or stylistic naturalness. Neverthe-
less, the findings indicate that GPT-4o consistently
produces outputs that are lexically and sequentially
more aligned with the human translation condition
under the controlled prompting setup used in this
study.

Condition Nearest Rate Jac. Mean WER Corp. WER

Google 39/250 0.156 0.673 0.3196 0.3128
GPT-4o 179/250 0.716 0.903 0.0603 0.0654
Qwen3-8B 32/250 0.128 0.556 0.4269 0.4058

Table 6: Surface similarity to human translations. “Nearest”
gives the machine condition with the highest token-set Jac-
card similarity; lower WER indicates closer sequence-level
similarity.

Overall, the quantitative findings demonstrate
that contemporary translation systems exhibit dis-
tinct but internally consistent stylistic tendencies
across lexical, structural, and discourse-level mea-
sures. Google Translate displays stronger expan-
sion and discourse-smoothing behaviour, Qwen3-
8B exhibits greater compression and reduced lex-
ical dispersion, while GPT-4o remains systemat-
ically closest to the human translation condition
across multiple surface and structural dimensions.

5 Findings from Qualitative Analysis

The qualitative analysis examined 84 representa-
tive examples selected from the quantitative out-
puts. The examples were chosen because they
showed strong compression, expansion, entropy
change, repetition increase, lexical-richness de-
crease, or sentence-length change relative to the
human translation. Table 8 presents representative
examples of the main qualitative patterns observed
in the close reading, including simplification, re-
dundancy, and paragraph restructuring.

Three main patterns emerged. First, compres-
sion did not always reduce adequacy: shorter for-
mulations were sometimes concise and journalis-
tic, but stronger compression occasionally weak-
ened nuance, emphasis, or discourse signals, es-



pecially in Qwen3-8B outputs. Second, Google
Translate frequently produced fluent but formu-
laic English-target outputs, including repeated re-
porting frames and recurrent phrasal templates,
consistent with its higher repeated-bigram rates.
Third, stylistic divergence extended beyond lexical
choice to discourse organisation, with some sys-
tems restructuring sentence boundaries, smoothing
transitions, or merging clauses into longer syntac-
tic units.

GPT-4o requires a slightly different interpreta-
tion. Although it was the machine condition most
lexically aligned with the human translations, lex-
ical similarity did not imply full stylistic equiva-
lence. Qualitative inspection still showed differ-
ences in discourse pacing, syntactic preference,
and lexical selection, although these were gener-
ally less pronounced than for Google Translate and
Qwen3-8B.

Overall, the qualitative findings reinforce the
quantitative results: contemporary MT and LLM-
based systems exhibit stable translational pref-
erences affecting compression, repetition, lexical
concentration, and discourse organisation.

6 Discussion

The findings show that contemporary translation
systems exhibit stable and measurable stylomet-
ric tendencies even when their outputs are broadly
fluent and semantically adequate. Across both
English–Arabic and Arabic–English directions,
the systems differed in lexical dispersion, com-
pression, repetition, sentence segmentation, and
discourse organisation. These differences were
captured through complementary measures, in-
cluding entropy, MATTR, length ratios, and rep-
etition statistics.

A central result is that machine translationese
is not a uniform phenomenon across systems.
Google Translate generally produced more ex-
pansive Arabic-target outputs with higher entropy
and lexical dispersion, whereas Qwen3-8B showed
stronger compression tendencies and lower lex-
ical dispersion. GPT-4o often remained closer
to the human translation condition across several
measures, but it still displayed detectable system-
specific regularities. This suggests that stylometric
behaviour emerges from the interaction of trans-
lationese effects, model architecture, decoding be-
haviour, alignment objectives, and system-specific
generation constraints.

These findings are especially relevant for
instruction-tuned LLMs. Prior work suggests
that alignment and preference optimisation can in-
crease linguistic homogenisation and reduce dis-
tributional diversity in generated text (O’Mahony
et al., 2024; Guo et al., 2025). The stable sty-
lometric profiles observed here may therefore re-
flect not only translational simplification, but also
broader regularisation effects associated with in-
struction following, deterministic decoding, and
RLHF-style optimisation. In this sense, stylistic
patterns in LLM translation should be interpreted
as outcomes of constrained generation behaviour
rather than as direct evidence of linguistic compe-
tence or deficiency.

The paragraph-level results further show that
stylistic divergence becomes more visible in con-
nected discourse. While sentence-level aver-
ages capture local lexical and structural tenden-
cies, paragraph-level analysis reveals differences
in discourse rhythm, segmentation, and informa-
tion packaging. Some systems tended to smooth
discourse by merging clauses into longer syntactic
units, whereas others produced shorter and more
segmented structures. This supports previous work
on document-level and discourse-aware machine
translation, which argues that sentence-level eval-
uation can obscure coherence and discourse phe-
nomena (Maruf et al., 2021).

The similarity audit raises an additional method-
ological issue for GenAI translation research.
GPT-4o showed substantially closer lexical-
overlap and sequence-level similarity to the human
translation condition than the other machine sys-
tems. However, such similarity should not be in-
terpreted as direct evidence of human equivalence.
Surface-level measures such as Jaccard similarity
and WER capture token and sequence correspon-
dence, but they do not fully account for pragmatic,
rhetorical, or discourse-level behaviour. Moreover,
the human translation condition represents a spe-
cific controlled baseline rather than a single uni-
versal model of human translation style.

More broadly, the results support evaluation ap-
proaches that extend beyond adequacy and fluency
alone. Current MT evaluation remains strongly
oriented toward semantic correctness, yet transla-
tions that preserve meaning may still differ in re-
dundancy, lexical concentration, discourse rhythm,
and rhetorical packaging (Fuentes et al., 2022; Fre-
itag et al., 2022; Huang and Liu, 2024). These dif-



ferences are particularly important in news trans-
lation, where style contributes to readability, per-
ceived neutrality, and journalistic register.

Overall, the study shows that stylometric anal-
ysis can complement conventional MT evaluation
by identifying forms of translational regularisa-
tion, stylistic homogenisation, and discourse re-
structuring that may remain invisible to adequacy-
based metrics alone.

7 Limitations

Several limitations should be considered when in-
terpreting the findings.

First, the study examines stylometric regulari-
ties rather than style in a fully comprehensive lin-
guistic or literary sense. The quantitative mea-
sures used here primarily capture surface- and
distribution-level properties such as lexical disper-
sion, repetition, segmentation, and compression.
While these measures are informative for identi-
fying translational tendencies, they do not directly
model deeper pragmatic, rhetorical, or discourse-
functional dimensions of style (Lagutina et al.,
2019).

Second, the dataset remains relatively mod-
est for stylometric inference, consisting of 250
source items and 1,000 translated outputs dis-
tributed across translation directions, text types,
and systems. Although the repeated-measures
design improves comparability across conditions,
larger corpora would provide more robust esti-
mates of stylistic variation and improve general-
isability across domains.

Third, the study focuses exclusively on contem-
porary news discourse. News translation provides
a useful controlled setting because it combines rel-
atively stable communicative goals with meaning-
ful stylistic variation, but the findings may not gen-
eralise directly to literary, conversational, techni-
cal, or social-media translation.

Fourth, the LLM-based outputs were gener-
ated using deterministic decoding (temperature 0)
in order to maximise reproducibility and reduce
stochastic variation across aligned items. While
this setting is methodologically useful for con-
trolled comparison, it likely reduces stylistic vari-
ability and may amplify regularisation effects as-
sociated with constrained decoding.

Finally, the study compares only a limited num-
ber of translation systems. The findings therefore
should not be interpreted as representative of all

neural MT systems or all LLM-based translation
models.

8 Conclusion

This paper presented a controlled stylometric
comparison of human, neural MT, and LLM-
based translation in English–Arabic news transla-
tion. Using a balanced bidirectional dataset and
a repeated-measures design, the study examined
stylistic variation across sentence- and paragraph-
level translation through quantitative stylometric
analysis and qualitative close reading.

The findings show that contemporary transla-
tion systems exhibit stable, system-specific sty-
lometric tendencies even when outputs remain
broadly fluent and semantically adequate. Dif-
ferences emerged in lexical dispersion, compres-
sion, repetition, sentence segmentation, and dis-
course organisation across both translation direc-
tions. Paragraph-level analysis further revealed
discourse restructuring and stylistic smoothing that
are less visible in sentence-level evaluation alone.

The similarity audit highlights the importance
of methodological transparency in GenAI transla-
tion research. GPT-4o showed substantially closer
lexical and sequence-level similarity to the human
translation condition than the other machine sys-
tems, but such overlap should not be interpreted
as evidence of human equivalence. Instead, it re-
inforces the need to document translation work-
flows, decoding settings, and comparison proce-
dures when analysing stylistic behaviour in LLM-
based systems.

More broadly, the study suggests that stylomet-
ric analysis can complement adequacy-oriented
evaluation by capturing translational regularisa-
tion, discourse restructuring, and stylistic ho-
mogenisation in contemporary MT and LLM out-
puts.
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A Appendix

A.1 LLM Translation Prompt

LLM translation prompt

Translate the following news text into {target language}.
Requirements: preserve meaning accurately; preserve the original tone and register as much as possible; keep named
entities, dates, and numbers correct; keep paragraph breaks if present; do not add explanations; do not summarize;
do not omit content; output only the translation.
Text: {source text}

Table 7: Prompt used for GPT-4o and Qwen3-8B translation conditions.

A.2 Representative Qualitative Examples

Pattern Example and interpretation

Simplification / com-
pression

Source:
. i

�
J
	
¯

�
é»QmÌ

�
éK

	Q»QÖÏ @

�
é
	
Jj. ÊË @ ú




	
¯
�
@ñ

	
�« È@ 	QK
 B é

	
K


@ AÒ»

Human: He is also still a member of the Central Committee of the Fatah Movement.
Qwen3-8B: He is still a member of the Central Committee of Fatah.
Interpretation: Qwen3-8B preserves the main meaning but reduces lexical specificity by omit-
ting “also” and shortening “the Fatah Movement” to “Fatah”.

Redundancy / formu-
laic repetition
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Human: The US military said that no vessel has managed to break through the American block-
ade imposed on the Strait of Hormuz since it came into effect on Monday.
Google: US Central Command: No ship has been able to breach the blockade. The US military
announced that no ship has been able to breach the US blockade imposed on the Strait of Hormuz
since it went into effect on Monday.
Interpretation: Google produces a fluent but repetitive rendering, repeating both the reporting
frame and the phrase “no ship has been able to breach”.

Paragraph restructur-
ing
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Human: The height of Bint Jbeil is 770 meters above sea level, which makes it a commanding
location over many points in the south, especially in the central sector. This may explain the
Israeli insistence on controlling it.
Google: Bint Jbeil is 770 meters above sea level, which makes it a location overlooking many
points in the south, especially in the central sector, and this may explain the Israeli insistence on
controlling it.
Interpretation: Google preserves the factual content but merges two human sentences into one
smoother syntactic unit.

Table 8: Representative qualitative examples illustrating simplification, redundancy, and paragraph restructuring.
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