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Abstract

This study focuses on evaluating the perfor-
mance of machine translations (MTs) com-
pared to human translations (HTs) in English-
to-Chinese children’s literature translation
(CLT) from a stylometric perspective. The
research constructs a Peter Pan corpus, com-
prising 21 translations: 7 human translations
(HTs), 7 large language model translations
(LLMSs), and 7 neural machine translation out-
puts (NMTs). The analysis employs a generic
feature set (including lexical, syntactic, read-
ability, and n-gram features) and a creative text
translation (CTT-specific) feature set, which
captures repetition, rhythm, translatability, and
miscellaneous levels, yielding 447 linguistic
features in total.

Using classification and clustering techniques
in machine learning, we conduct a stylometric
analysis of these translations. Results reveal
that in generic features, HTs and MTs exhibit
significant differences in conjunction word dis-
tributions and the ratio of 1-word-gram-—
£, while NMTs and LLMs show significant
variation in descriptive words usage and ad-
verb ratios. Regarding CTT-specific features,
LLMs outperform NMTs in distribution, align-
ing more closely with HTs in stylistic charac-
teristics, demonstrating the potential of LLMs
in CLT.

1 Introduction

With the advent of LLMs! , various evaluations
have been made within user and researcher commu-
nities (Jiao et al., 2023; Castilho et al., 2023; Enis
and Hopkins, 2024). A consensus has been reached:
LLMs appear to be useful for handling texts that

© 2025 The authors. This article is licensed under a Creative
Commons 4.0 licence, no derivative works, attribution, CC-
BY-ND.

'MT is used as a superordinate term encompassing both NMT
and LLM translation, while NMT and LLM can also be treated
as distinct categories based on the underlying generation en-
gines.
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use highly formulaic language, such as contracts,
technical documents, and web pages. However,
when it comes to translating highly creative texts,
such as literary works, it remains a highly challeng-
ing task (Kocmi et al., 2024).

Among all text types, literary texts serve as a
formidable “bastion” (Toral and Way, 2014) that
challenge the performance of MT engines. Com-
pared to informational texts, literary texts place
greater emphasis on aesthetic creation. They are
characterized by intricate linguistic structures, rich
metaphors, and deep cultural nuances, interwoven
with the styles of different nations, cultures, eras,
and even individual authors (Hadley et al., 2022).
Therefore, literary translation not only facilitates
the cross-linguistic transmission of ideas but also
needs to recreate the artistic charm of the original
work. As some scholars have pointed out, the in-
novative nature of literary texts “almost implies an
inherent degree of resistance to automation” (Ruffo,
2022, p. 18), which also creates tricky challenges
for MT developers seeking effective solutions.

As a significant branch of literary translation,
children’s literature translation (CLT for abbrevia-
tion) inspires limitless imagination in young read-
ers worldwide. The choice to research CLT arises
from its distinctive combination of literary artistry
and creative expression: (1) it is crucial for cultural
exchange and dissemination of children literature
worldwide; (2) children’s literature often features
relatively unique expressions, making it ideal for
assessing MT systems’ semantic and cultural han-
dling; (3) evaluating MT performance is vital to
prevent mistranslations or hallucinations that could
mislead young readers early on.

2 Related work

2.1 Stylometric investigation in CLT studies

Over the past decade, the field of CLT studies
has expanded significantly. Scholars note that the
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first two decades of the 21st century have been
a “blooming period” for research on translating
children’s books (Fornalczyk-Lipska, 2022). Once
a marginal topic, it is now recognized that CLT
works become a crucial part in young readers’ lit-
erary experiences worldwide (Van Coillie and Mc-
Martin, 2020). Puurtinen (2003) was among the
pioneering scholars who employed a corpus-based
methodology to investigate CLT. Her study exam-
ines translation-specific features in Finnish chil-
dren’s literature, identifying a high frequency of
non-finite structures, a relative absence of collo-
quial expressions as potential hallmarks of trans-
lated texts.

In recent years, the study of CLT has witnessed
more refined outputs within the framework of
stylometry or quantitative stylistics2. Cermakova
(2018) uses corpus-based method to analyse the
feature of repetition in CLT, showing that transla-
tors often find repetition uncomfortable and tend
to compensate for it by using synonymy. For the
Chinese-English language pair, Zhang et al. (2019)
examine increased lexical-grammatical explicit-
ness in Chinese CLT, and show a higher frequency
of personal pronouns compared to non-translated
texts, likely due to cross-linguistic influence from
the source language. Also, Zhao et al. (2022) ex-
plore how narrative space is transferred in CLT
from Chinese works to English translated versions,
and show that selective appropriation (patterns of
omission and addition designed to suppress, accen-
tuate or elaborate particular aspects of a narrative)
is the most used strategy.

The aforementioned studies have established a
foundation for applying stylometric analysis to
CLT. However, compared to general translation
studies, where broad features such as Type-token-
ratio (TTR), PoS-tags, and word frequencies are
commonly analyzed (see Pidpcke et al., 2022; Ding,
2024; Ploeger et al., 2024), CTT-features are more
specifically utilized in CLT studies and are less fre-
quently examined in broader translation research.
CLT requires attention to more specific aspects, in-
cluding repetition, metaphor, and rhythmic patterns.
To address this, the present study incorporates both
generic stylometric features and those specifically
tailored to CLT, which are presented in Section 3.2.
%In this paper, stylometry is used interchangeably with quanti-
tative stylistics, both referring to approaches that emphasize
feature engineering and statistical analysis of textual style. In
contrast, stylistics more broadly involves interpretive analy-

sis of how language produces meaning, literary effects, and
context-sensitive nuances.
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2.2 MT in creative texts

MT’s application in creative texts raises debates on
its impact on the accuracy of cultural and creative
expression. Even before the advent of NMT, Toral
and Way (2014) raised the question of the useful-
ness of MT for literature. The very next year, Toral
and Way (2015) demonstrated that a statistical ma-
chine translation system adapted to literary texts
outperformed generic baseline systems, and could
be further incorporated into the literary translator’s
workflow.

The NMT system advancement has sparked
growing interest among scholars in applying MT to
literary texts. Toral and Way (2018) evaluate NMT
for literary texts, specifically novels, and find that
NMT achieves an 11% relative improvement in
BLEU scores compared with statistical MT. Yet if
we look at literary translators’ attitudes, the story
is different. Studies show more experienced lit-
erary translators prefer translating from scratch,
and might be resistant in using NMTs for more
freedom (Moorkens et al., 2018; Way et al., 2023).
From a reader perspective, Guerberof-Arenas and
Toral (2024) observed that, in a case study of differ-
ent translations, the MT version, compared to HT
and PE, received the lowest ratings for narrative
understanding and attentional focus, with structural
and lexical issues contributing to a disrupted and
confusing reading experience.

This raises the question: why are MT outputs
often not well received by translators and read-
ers? One major issue lies in stylistic limitations.
Daems (2022) points out that MT systems strug-
gle with capturing stylistic nuances, humour, and
contextual or cultural subtleties—elements widely
recognized as central to the nature of literary texts.
Farrell (2018) and Taivalkoski-Shilov (2018) both
emphasize that MT or post-edited output may re-
sult in homogenization and normalization in the
target texts, trends that run counter to the diverse
and creative nature of literary texts. Several stud-
ies investigate the stylistic difference between HT's
and NMTs of literary works. For example, Jiang
and Niu (2022) show that NMTs might be less co-
herent in discourse and less consistent in lexical
choices. A more recent study also shows that NMT
outputs can be distinguished from the HT coun-
terparts based on sentence length distribution (Ry-
bicki, 2025). These studies inspired us to follow
a similar vein and examine whether LLM outputs
differ from those of NMT systems.



2.3 Research gaps and questions

Summarizing the above studies, despite the solid
foundation of CLT research, stylometric methods
remain underexplored. Additionally, while existing
studies of MT on literary works predominantly fo-
cus on general literary works, children’s literature
has received comparatively less attention. This gap
underscores the need for research that accounts
for the unique linguistic characteristics of CLT.
Furthermore, the translation capabilities of LLM
systems have gained significant interest; however,
most research in this domain remains centered on
NMT engines. The effectiveness of LLMs in CLT
needs further investigation.

Based on these gaps, our study focuses on
CLT among three translation groups, namely HTs,
NMTs and LLMs. We construct a large dataset by
incorporating a total of 21 English to Chinese trans-
lations of Peter Pan, and establish a more compre-
hensive feature set with a sub-category tailored for
CTT. We adopt the research design of Daems et al.
(2017) and Lynch and Vogel (2018), and collect
experimental results and draw salient features, and
then compare inter- and intra-group performance.

We address the following research questions:

* RQI1: Do MTs differ from HTs in CLT on
generic textual features and CTT-specific fea-
tures?

* RQ2: Do LLM outputs differ from NMT out-
puts in CLT on generic textual features and
CTT-specific features?

¢ RQ3: How do salient features illustrate the
differences among HTs, NMTs, and LLMs in
CLT?

3 Methodology

3.1 Dataset

The corpus used in this study is based on J.M. Bar-
rie’s 1911 novel Peter and Wendy, the classic chil-
dren’s version of the Peter Pan story>. The char-
acter of Peter Pan was first introduced in Barrie’s
1902 novel The Little White Bird. The 1911 novel
has been widely cherished by children worldwide
for its vivid imagination and the thrilling adven-
tures of Peter Pan. The HTs are selected from 7
Chinese translations published by reputable pub-

3The 1911 novel uniquely includes the final chapter “When
Wendy Grew Up”, which does not appear in play or later
abridged versions. This chapter is present in all Chinese trans-
lations used in this study. Although some translations do not
explicitly state the source text, the inclusion of this chapter
indicates that all were ultimately based on the 1911 novel.
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lishers, spanning a wide time range (1929-2020)
to ensure representativeness across different eras.

For MTs, the translated texts are categorized into
two groups: NMTs and LLMs, with 7 engines se-
lected for each category to produce a total of 14
MTed versions. In the NMT category, while some
providers have reportedly begun integrating LLM
technologies into their traditional NMT systems,
e.g. DeepL?, this study specifically aims to exam-
ine “pure” NMTs. To achieve this goal, models
that explicitly state using an NMT engine are prior-
itized. For providers offering multiple MT engine
versions, the NMT variant is selected whenever
possible. If no version details were disclosed, the
default engine is used. All NMTs are accessed via
API. Details can be viewed in the online supple-
mentary materials.

For LLMs, we select state-of-the-art commer-
cial generic models, such as ChatGPT and Claude,
as well as open-sourced DeepSeek, and MT-
tailored LaraTranslate, and both open-sourced
and MT-tailored Unbabel-TowerlInstruct. Large-
parameter deep reasoning models such as GPT-ol
and DeepSeek-R1, though strong in contextless
multilingual translation, are not adopted in our
framework due to their high inference cost, slower
processing speed, and tendency to generate ram-
bling outputs in Chinese (Chen et al., 2025). These
factors significantly increase computational com-
plexity and reduce overall efficiency in translation
tasks. Consequently, we prioritize LLM models
optimized for faster, more direct translation pro-
cesses.

The MT process for LLMs involves prompt engi-
neering, adhering to practices outlined in Andrew
Ng’s course® and the CRISPE framework®. This
ensures a structured and standardized prompt de-
sign, consistently applied across all engines during
translation. The complete prompt used in our ex-
periments is provided in Appendix A for reference.
Furthermore, we distinguish between MT engines
developed by Chinese and non-Chinese enterprises,
as this distinction may influence translation strate-
gies and quality, particularly given that Chinese is
the target language.

All texts underwent rigorous preprocessing, in-

*https://www.smartling.com/blog/
how-accurate-is-deepl
5https://1earn.deeplearning.ai/courses/
chatgpt-prompt-eng
6https://github.com/mattnigh/
ChatGPT3-Free-Prompt-List
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Type Translator Abbr. Engine Acquisition Token Type Sent.  Year

Source - - - E-book 47,978 5,334 3,334 2005
Liang HTL - OCR 47,627 5,108 3,229 1929
Yang & Gu HYG - E-book 50,222 5,798 3,500 1991
Ren HTR - E-book 51,271 4,968 3,424 2006

HTs Ma HTM - E-book 47,777 5,358 3,662 2011
Sun HSU - E-book 56,674 5,872 3,673 2017
Shi HSH - E-book 50,451 5,220 3,571 2018
Huang HTH - E-book 51,233 5,477 3,937 2020
DeepL NDL Classic API 46,731 4,980 2,850
GoogleTrans NGT v2 API 46,891 4,887 3,268
MicrosoftTrans NMS - API 46,854 4,711 3,150 2025

NMTs AmazonTrans NAZ - API 46,097 4,599 3,206 Feb
BaiduTrans™ NBD - API 45,697 4,514 3,205 )
YoudaoTrans™ NYD - API 47,817 4,690 3,393
NiuTrans™ NNT - API 46,296 4,541 3,197
ChatGPT LCG 40 Web 50,958 5,965 3,980
Claude LCL 3.5-sonnet Web 46,503 5,355 3,426
Gemini LGM  1.5-flash API 48,174 5,489 3,474 2025

LLMs Kimi* LKM vl API 57,320 5,221 3,869 Feb
DeepSeek™ LDS v3 OpenSource 45,951 4,865 3,421 )
Towerlnstruct LTI 7b-v0.2 OpenSource 46,097 4,869 3,124
LaraTrans LLT Creative Web 48,576 4,709 3,176

Total - - - - 1,025,217 107,196 71,735 -

Table 1: Overview of the datasets used in this study. Pure NMT version is selected if the provider offers version
options (such as NDL and NGT). LaraTranslate provides a “creative text” style option but, despite claiming to use
LLM technology, does not support custom prompts. Engines marked with * are developed by Chinese enterprises.

The total count excludes the source text.

cluding cleaning, denoising, part-of-speech (PoS)
tagging, and dependency (Dep) parsing. Since Chi-
nese lacks explicit word boundaries, prior word seg-
mentation is necessary. To achieve SOTA perfor-
mance, we utilize the Language Technology Plat-
form (LTP)’, a comprehensive natural language
processing toolkit (Che et al., 2021). LTP’s deep
learning model (Base?2) is used for word segmen-
tation, PoS tagging, and syntactic analysis, achiev-
ing reported accuracies of 99.18%, 98.69%, and
90.19% for these tasks, respectively.®

The final Peter Pan translation corpus exceeds
over one million tokens. A detailed overview of
the dataset is provided in Table 1.

3.2 Feature set

Based on the principles to construct feature set
for stylometric analysis (Volansky et al., 2013)°
and referring to previous research (see Huang and
Liu, 2009; Lynch and Vogel, 2018; Toral, 2019;

"https://github.com/HIT-SCIR/1tp

8h’ctps: //github.com/HIT-SCIR/1tp/blob/main/
README . md

® Although the quoted research focuses on translationese study,
their proposed principles are highly relevant to construct a
well-balanced and interpretable feature set for studying lin-
guistic features of translated texts.

55

De Clercq et al., 2021), the following section
presents the feature set applied in this study. A
brief feature summary is in Table 3 (in Appendix
B). All together, we’ve employed 447 features in
this study. It should be noted that all features are
represented as ratios or weighted measures to mit-
igate the influence of sample size differences and
ensure comparability across texts.

3.2.1 Generic textual features

The generic textual features are designed to cap-
ture text characteristics from a holistic perspective.
“Generic” means that these features are commonly
used in other types of stylometric studies, not con-
strained on CLT studies. They are divided into four
linguistic dimensions: lexical, syntactical, readabil-
ity, and N-gram features.

Lexical features reflect word-level characteris-
tics on lexical diversity, density, and richness, such
as TTR. Additionally, PoS tag features, extracted
using the LTP platform'?, capture the distribution
of word classes, such as nouns and verbs.

Syntactic features focus on overall sentence
structure and syntactic patterns, including aver-
age sentence length. Dependency tags are used

Ohttps://1tp.ai/docs/appendix. html#id2
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to further analyze syntactic roles, such as Mean
Dependency Distance and the ratio of head and
node.

Readability features include nine readability met-
rics proposed by Lei et al. (2024)!!, which evaluate
lexical, syntactic, and semantic variability to assess
a text’s difficulty and comprehensibility for the tar-
get audience. Moreover, four concreteness features
are included, measuring lexical concreteness based
on the work of Xu and Li (2020).

N-gram features utilize N-word-grams and N-
PoS-grams, where N ranges from 1 to 3, to capture
locally constrained phrasal patterns. These features
are extracted by comparing the target corpus with
the LCMC reference corpus!?. To maintain consis-
tency, LCMC was re-tagged using the same LTP
tools to ensure a uniform PoS-tag set.

3.2.2 CTT-specific features

CTT-specific features refer to characteristics specif-
ically designed for creative text translation. In this
study, we incorporate insights from previous Chi-
nese research on CLT. These features are tailored
to the linguistic and stylistic elements of CLT and
are categorized into four subcategories:

Repetition features are a widely recognized in
CLT, as a narrative strategy, often used to capture
young readers’ attention (Mastropierro, 2022). In
this study, repetition features include AA-pattern
(two-character repetition), AAA-pattern (three-
character repetition), and ABAB-pattern structures.

Rhythm features examine phonetic patterns
within the text, as previous research has identified
distinct rhythmic patterns in CLT (Cooper, 1989).
This study captures key rhythm features, such as
rhyme proportion, vowel balance, and tonal alter-
nation.

Translatibility features'? assess language trans-
fer and translation completeness between the
source and the target texts through five key aspects:
completeness, foreignness, code-switching, abbre-
viation, and untranslatable elements. Notably, com-
pleteness identifies untranslated English phrases
longer than three words, while foreignness mea-

3

Mhttps://github.com/leileibama/
AlphaReadabilityChinese

12https: //www.lancaster.ac.uk/fass/projects/
corpus/LCMC/

3We categorize translatability features under the CTT-specific
level, considering that CLT is particularly sensitive to lan-
guage shifts. This sensitivity is especially pronounced when
the target audience is mainly children. The interweaving of
English elements within Chinese text might influence their
reading experience.
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sures the ratio of English to Chinese characters.

The miscellaneous category includes five unique
linguistic features that could not satisfactorily fall
into the previous classifications but are frequently
observed in CLT. These include the proportion of
onomatopoeia, the usage of the Chinese-specific
“_er suffix”!4, and the frequency of sentence-final
particles, among others.

We put more detailed explanations and examples
in the supplementary materials.

3.3 Algorithms
3.3.1 Feature selection

To streamline the experiment, mitigate feature
noise, and enhance efficiency, we adopt a feature
selection strategy based on chi-square (x?) ranking
in both classification and clustering tasks. Features
are prioritized according to their y? values, with
the top 30 being retained. If a given category con-
tains fewer than 30 features, all available ones are
preserved.

3.3.2 Classification experiment

The classification experiment follows a hierarchi-
cal structure based on different feature set levels.
Initially, classification is performed separately for
each feature sub-level. The experimental setup con-
sists of the following comparison groups: (1) HTs
vs. MTs, where MTs encompass both NMTs and
LLMs; (2) HTs vs. NMTs and LLMs separately;
(3) LLMs vs. NMTs; and (4) intra-group classifica-
tion within the NMTs and LLMs categories.

To evaluate classification performance, five clas-
sifiers are employed: Naive Bayes, Logistic Re-
gression, Support Vector Machine (SVM), Deci-
sion Tree, and Random Forest. The average per-
formance across these classifiers is reported. The
SVM model is configured with a linear kernel,
while the remaining classifiers use their default set-
tings. Following the methodology outlined by Rah-
man et al. (2024), the effectiveness of the ensemble
classifier is assessed using Accuracy (ACC) score.
All classification tasks, except intra-group classi-
fications within the NMTs and LLMs groups, are
binary classification tasks.

14The “-er suffix” in Chinese is a linguistic phenomenon where
the suffix "JL" (ér) is added to the end of a word, often altering
its pronunciation and adding a diminutive meaning. This is
widely used in spoken and literary Chinese. For example, 18
(hua, "flower") becomes 1% /L (huar), and & (nido, "bird")
becomes & JL (nidior).
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3.3.3 Clustering experiment

The clustering experiment employs the k-means
algorithm to categorize data. Rather than predefin-
ing the number of clusters (k), it is determined
based on performance evaluation. Euclidean dis-
tance serves as the similarity metric for clustering,
and the feature set is derived from the Top-k fea-
tures identified in the earlier analysis.

To assess clustering effectiveness, the Adjusted
Rand Index (ARI) is used as the primary evalua-
tion metric. ARI quantifies the alignment between
the clustering results and ground truth labels while
accounting for chance, providing an objective mea-
sure of clustering quality (Warrens and van der
Hoef, 2022). Beyond numerical evaluation, inter-
active clustering visualizations are generated using
Python’s Plotly library.

In addition to k-means clustering, hierarchical
clustering is introduced as a complementary ap-
proach. This method utilizes the stylo package in
R, incorporating the top 100 most frequent words
and Eder’s delta (Eder, 2015) as key metrics. By
integrating multiple clustering strategies, we aim
to strengthen the robustness of our analysis and
enhance the overall reliability of the experimental
findings.

4 Results
4.1 Classification

Level Sub-level HTs HTs HTs NMTs
eve ub-leve -MTs -NMTs -LLMs -LLMs
Lexical 0.8673 09149 0.8526 0.7439
Generic .
Doners Syntactical  0.8001 08443 07128 0.6752
features Readability  0.6645 07056 0.5538 0.6178
N-gram 0.8674 0.8803 0.8486 0.7724
Repetition ~ 0.6274 0.6800 0.5778 0.5436
SCJCLC Rhythm 0.6650 0.5564 0.6444 0.5593
ffawres Translatibility 0.6883 0.7930 0.6091 0.6067
Miscellaneous 0.7378 0.7521 0.6393 0.6172
All . 0.9149 09376 0.8896 0.7464

Table 2: Classification results across different feature
levels and comparison groups. “Generic textual fea-
tures” encompass general linguistic attributes, while
“CTT-specific features” focus on aspects relevant to cre-
ative text translation. “All” represents the combined
performance when all features are used together.

Table 2 presents the results across feature levels
and groups. It should be noted that a high ACC
score indicates a clear distinction between the ex-
amined categories, while a low ACC score suggests

greater similarity. We generalize two tendencies:

First, from group comparison perspective, HT's
consistently achieve the highest performance
across different pairwise comparisons, with HT's-
NMTs reaching the highest accuracy (0.9376) and
HTs-MTs following closely (0.9149). When LLMs
are involved, accuracy drops, as seen in HTs-LLMs
(0.8896) and NMTs-LLMs (0.7464). This suggests
that distinguishing between HT's and other MTed
translations (NMTs and LLMs) is relatively eas-
ier, while differentiating within the same category
(intra-group) is much harder, as in HT's (0.6785),
NMTs (0.5965), and LLMs (0.5917).

Second, from feature categories perspective,
among the generic textual features, lexical and N-
gram features contribute the most to classification,
with the highest ACC across different translation
types (e.g., HTs-NMTs: 0.9149 and 0.8803, re-
spectively). Readability exhibits the lowest perfor-
mance, as in HTs-LLMs (0.5538). Regarding CTT-
specific features, translatability and miscellaneous
features contribute notably in differentiating HT's
from other groups, while repetition and rhythm
drop sharply in ACC scores. Overall, generic fea-
tures perform better than CTT-specific features in
classification, and using all features leads to the
best performance.

Figure 1 (in Appendix D) presents a pairwise
classification heatmap to provide a visualized plot
and a fine-grained classifying result. It reveals three
main results:

First, for HTs, the classification accuracy be-
tween HTs and other groups (NMTs and LLMs)
is generally high. Within the HTs group, the high-
est ACC exceeds 0.90. The highest intra-group
accuracy is observed in the HTL-HTH pair (0.98),
also HTL achieves the highest average ACC (0.97)
compared with all other samples. This may be due
to the significant temporal gap, as HTL is the earli-
est translation among HTs. Conversely, the HSU-
HTM and HSU-HTR pairs (both 0.76) exhibit the
lowest accuracy, with HSU having the lowest av-
erage ACC (0.87). The greater similarities among
these translations might be newer versions drawing
references from previously published ones.

Second, for NMTs, ACC in distinguishing
NMTs-LLMs is relatively lower than that of NMTs-
HTs, meaning NMTs are much more similar to
LLMs in style. The lowest inter-group ACC is ob-
served in NGT-LDS (0.59). The score within the
NMTs group is considerably lower than that within
the HTs group. The highest intra-group accuracy is



NAZ-NYD (0.94), while the lowest is NBD-NGT
(0.44). Also, in terms of average ACC, we found
that NAZ (0.92) and NDL (0.9) achieve relatively
higher compared with the rest NMT engines, while
NGT (0.79) is the lowest.

Third, within the LLM group, the highest intra-
group ACC is observed in LCG-LLT (0.99), and
LKM-LLT (0.65) exhibits the lowest. Still, on av-
erage ACC, LCG (0.96) and LCL (0.93) have the
relative highest score compared with other LLM
engines, while LDS (0.83) has the lowest one. No
significant differences are found between MT sys-
tems developed by Chinese companies and those
by international companies.

4.2 Clustering

Figure 2 presents the clustering results using K-
means (left) and hierarchical clustering (right). The
K-means clustering, with an ARI score of 0.4873,
demonstrates a clear separation between HT's and
NMTs, as the two groups are positioned far apart.
However, LLMs exhibit a more complex distribu-
tion, which cannot be clustered into a distinct group.
Notably, three LLMs (LCG, LCL, LGM) cluster
closer to HTs, suggesting that their translations
share more similarities with human translations.
Meanwhile, a subset of LLMs (LKM, LDS, LLT,
LTI) aligns more closely with NMTs.

The hierarchical clustering (right) supports these
findings, displaying relatively stable and well-
separated clusters for HT's and NMTs. In contrast,
LLMs show a more dispersed pattern, with sam-
ples integrating into both HT and NMT clusters.
This reveals that LLMs exhibit heterogeneous trans-
lation characteristics, with some models leaning
towards human-like translation styles and others
resembling NMT outputs. Both clustering results
reinforce observations drawn from previous classi-
fication experiments.

5 Discussion

5.1 Overview from generic features

This section discusses these differences from the
perspective of generic features and provides an
overview on their variance.

5.1.1 Ratio of conjunctions

From Table 4, we can see that conjunction words
and N-grams contribute greatly to the separation of
HTs and MTs. For the ratio of conjunction words
(Figure 3), HTs differ significantly from MTs, with
MTs exhibiting a higher ratio (ANOVA F = 91.10,
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p < 0.0001)'>. Among conjunction words, the 1-
word-gram-7X J5 (English: then) serves as a good
example, since it is particularly prominent, and
exhibits a similar trend on its over-usage in MT
outputs. It means that MTs tend to rely more on
explicit logical connectors, exhibiting a certain ten-
dency toward “explicitation” (Zhang et al., 2019),
whereas HTs demonstrate greater flexibility in ex-
pression and are not strictly bound by the logical
transitions of the source text. However, no signif-
icant difference is observed between NMTs and
LLMs in terms of conjunction (p = 0.06).

5.1.2 Ratio of 1-word-gram-—7#¥f

Another feature that distinguishes HTs and MTs
apart is the 1-word-gram-—7#¥ (same). This word
frequently follows another word to form a Chinese
phrase “f%...—FF (same as...)” which conveys a
simile meaning. As shown in Figure 4, MTs exhibit
a significantly higher frequency of “—#£” com-
pared to HTs (p < 0.0001), indicating that MT's
tend to produce more explicit comparative struc-
tures. Particularly NMTs use “f%...—#£” more
frequently. Hence, MTs are more constrained by
source text structures and produce similar patterns,
leading to potential ‘homogenisation’ (Daems et al.,
2024) in lexical terms with less variation in figura-
tive expressions. But for LLMs, we see that LCG
(ChatGPT) and LCL (Claude) use relatively less
“f%..—F£”. Given that the principle of fidelity
to source texts should be generally maintained in
translation, the reduction in “{&...—#£" likely re-
flects a shift in how figurative meaning is expressed
in the LLM translations, rather than a loss of figu-
rative content.

Drawing on actual concordance as an example
(see Figure 8), we observe that in HTs, there are
only two occurrences of “{%...—#£”, while other
variations, such as “%...{LL#%” and “%8 40", are also
used creatively. In contrast, all seven NMT outputs
employ the same fixed expression, whereas LLMs
exhibit a mix, with three outputs using the same
phrase.

5.1.3 Ratio of descriptive and adverbial words

Figure 5 illustrates two important features that
show significant differences between NMTs and
LLMs. For the proportion of descriptive words
(ratio_dscrptW), texts translated by LLMs exhibit
5To determine significant differences, we first conduct a nor-
mality test on the data. If the data met the normality assump-

tion, we apply ANOVA; otherwise, we use the non-parametric
Kruskal-Wallis test.



a significantly higher usage of descriptive expres-
sions than NMTs (p < 0.0001). Since descriptive
words are generally regarded as enhancing textual
vividness and specificity by providing richer con-
textual details, their higher occurrence in LLMs
suggests more expressive and stylistically nuanced
outputs than NMTs. Second, the proportion of ad-
verbs (ratio_adverb) across HTs, NMT, and LLM
indicates significant differences among these three
systems (p < 0.0001). The trend suggests that
HTs employ adverbs more frequently than MTs,
where LLM restores some adverb usage compared
to NMT.

5.2 Zooming into CTT-specifc features

If we narrow down our analysis to a more spe-
cific CLT perspective, we can see from Table 4
that several CTT-specific features also stand out in
distinguishing different translation groups.

5.2.1 Ratio of foreignness

To begin with, the left column of Figure 6 presents
the foreignness feature at the level of translatability.
By definition, this feature quantifies the ratio of
English words that appeared in the translated text.
HTs exhibit zero occurrence of the retained for-
eign words. In contrast, MTs, particularly NMTs,
demonstrate a notably higher ratio. Interestingly,
LLMs display a substantially lower foreignness
ratio compared to NMT, approaching HT-like ten-
dencies.

Most untranslated cases are names (Such as “H
RS2 Slightly” in NBD; “Tinkfi5E T 4E U AN EL
% in NGT), and idiomatic expressions (“ftll 5
115 iEHway 7 in NAZ). Although this is less
common in LLMs, some expressions are still trans-
lated incompletely (“fi{/] perfectly safe, &
5% > in LGM), a type of error also pointed out
by Macken (2024). For child readers, minimiz-
ing source-language element leakage in CLT is a
way both to improve acceptability and to mitigate
“cultural colonialism” , since children’s limited ex-
perience may necessitate a higher degree of adap-
tation than adult fiction (Lathey, 2015, p. 38). In
this regard, LLMs demonstrate an advantage over
NMTs.

5.2.2 Ratio of er-suffix

For the “ratio_er_suffix” feature, as shown in the
middle column of Figure 6, the upper graph indi-
cates that HTs employ significantly more “-er suf-
fixes” than MTs, while in the lower graph, LLMs
exhibit a higher ratio compared to NMTs.
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The “-er suffix” serves as an important figurative
expression in CLT, as it often conveys a colloquial,
playful, or affectionate tone. It is commonly used
in northern Chinese dialects, particularly in Bei-
jing (see Chen, 2000; Fu, 2022). Such phonetic
modifications cater to children’s cognitive develop-
ment and linguistic preferences, making texts more
engaging and accessible. Based on this, HT's re-
main the most effective in preserving “-er suffix” in
CLT. However, prompt-tuned LLMs demonstrate a
stronger ability to capture “-er suffix” features com-
pared to NMTs, suggesting that LLMs are more
aligned with HTs in this aspect.

5.2.3 Ratio of repetitive expression

Repetitive expressions, such as AA (e.g., TR

7’ warm and cozy), AAA (e.g., “I21218” very
slowly), and ABAB (e.g., “IRAIRA” a very long
period), are a prominent stylistic feature in chil-
dren’s literature. The ratio_AA!® feature in the
right column of Figure 6 indicates that HTs em-
ploy significantly more repetition than MTs, while
LLMs outperform NMTs in preserving this pat-
tern. Research has shown that repetitive structures
enhance readability, reinforce linguistic patterns,
and facilitate memory retention for young readers,
making texts more engaging and accessible (Tan-
nen, 1989; Hickmann, 2003). Given these, the re-
sults suggest that LLMs better capture the stylistic
and cognitive functions of repetition in CLT than
NMTs, making them more aligned with HTs.

5.3 Some further remarks on the LLM
translations

5.3.1 OnLCG and LCL

Figure 1 shows that two LLM-based engines, LCG
(ChatGPT) and LCL (Claude) exhibit significant
distinctions in pair-wise classification compared
to HT's and other MTs. By examining the feature
importance list in the classification logs, we ob-
serve that LCG demonstrates exceptionally high
divergence in the Average Number of Children per
Node feature (see Figure 7), exceeding the values
of other texts by approximately 1.5 times. Specifi-
cally, HT averages around 20, while LCG reaches
approximately 35.

This feature reflects the syntactic dependency
tree structure, where a higher value suggests LCG
favors a flatter syntactic structure rather than a
deeply nested one. LCG appears to prioritize paral-

151t should be noted that the AA pattern mentioned here ex-
cludes fixed proper nouns, such as “#& %% mom”.



lelism and broader phrase expansion. Corpus anal-
ysis (see online supplementary material) further
corroborates this pattern where LCG tends to seg-
ment sentences more frequently, breaking complex
structures into multiple shorter clauses deliberately,
perhaps in order to retain readability suitable to
children’s levels.

Subsequently, we observed that LCL exhibits
a significantly higher deviation in the ratio_quote
(quotation mark) feature, reaching approximately
twice the value of other engines (see Figure 7).
While other LLMs maintain an average ratio of
0.13, LCL reaches approximately 0.25. Although
Peter Pan is a children’s novel rich in dialogue,
such an unusually high occurrence of quotation
marks appears atypical.

Upon inspecting the corpus, we found that other
LLMs use directional Chinese quotation marks,
whereas LCL employs non-directional English quo-
tation marks. Our quotation-matching process was
designed to recognize left quotation mark and non-
directional mark, but not for right quotation mark.
This explains why LCL’s quotation mark count
is nearly double that of other models. However,
in formal writing, Chinese translations should ad-
here to standard typographic conventions, using
directional Chinese quotation marks. In this regard,
LCL’s handling of punctuation is less consistent
with formal Chinese writing norms compared to
other engines.

5.3.2 OnLDS, LTI and LLT

In this section, we discuss in more detail the re-
cent open-source engine LDS (DeepSeek) and M'T-
tailored engine LLT (LaraTranslate), and both MT-
tailored and open-sourced engine LTI (Unbabel
Tower_instruct).

The three engines exhibit a high degree of confu-
sion with other MT engines in classification tasks,
with LDS and NGT achieving classification accura-
cies of only 0.59 and 0.66 with NBD, respectively.
While these engines (particularly LDS) have gained
significant attention recently, a more critical eval-
uation reveals that their performance in MT tasks
shows no substantial improvement compared to
other LLM-based engines.

Among MT-tailored LLMs, LLT and LTI fail
to reach a satisfactory level in CTT-specific fea-
tures with notably poorer performance than other
commercial LLM models (see Figure 7). Specif-
ically, they exhibit lower usage of the “-er suf-
fix” and fewer repetitive expressions. Despite
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LLT’s popularity and its advertised “creative trans-
lation" capabilities, our analysis finds little evi-
dence of enhanced stylistic performance in its out-
put. Additionally, during our testing, LLT pro-
duced a significant number of hallucinations, and
its trans_foreignness score was the highest.

Some marketing claims about certain LLMs
should be critically evaluated rather than taken at
face value. While some models may perform well
in general machine translation tasks, their effective-
ness in specialized domains—such as children’s
literature—requires thorough empirical validation.

6 Conclusion

This study investigates the extent to which MTs
diverge from HTs in CLT from a stylometric per-
spective, focusing on both generic textual features
and CTT-specific features.

For RQ1, our findings confirm that MTs exhibit
significant differences from HTs across both fea-
ture sets. Looking at generic text features, MTs
deviate from HTs in conjunction word distributions
and the ratio of 1-word-grams, where MTs tend to
favor literal translation strategies, with a stronger
influence from the source text. Looking at CTT-
specific features, MTs generally fail to reproduce
stylistic elements crucial in CLT, such as repetition
and “-er suffix”, further reiterating the challenges
of automated translation in preserving literary ex-
pressiveness.

For RQ2, NMTs and LLMs diverge notably in
both generic and CTT-specific stylistic features.
While LLMs and NMTs exhibit significant differ-
ences in descriptive word usage and adverb ratios,
LLMs show greater alignment with HTs. LLMs
also outperform NMTs in “-er suffix” usage, AA-
pattern repetition, and foreignness. Thus, they are
better and more effective at capturing stylistic pat-
terns in CLT than NMTs.

For RQ3, our analysis reveals distinct stylistic
differences among HTs, NMTs, and LLMs. HTs
still act as the gold standard in stylistic expressions,
while NMTs produce more rigid and less engag-
ing outputs. LLMs strike a balance, with greater
stylistic fluidity than NMTs and approximating HT-
like translation patterns. However, performance
varies across LLMs. ChatGPT and Claude ex-
hibit stronger stylistic consistency, whereas open-
sourced or MT-tailored models show no clear ad-
vantages over the rest.



Limitations and future work

This study has several limitations that future re-
search should address:

First, in terms of dataset selection, this study is
limited to a single literary work, Peter Pan, which,
while representative, may not fully capture the
diversity of children’s literature. Future research
should expand the dataset to include translations of
varied genres and styles to improve generalizabil-
ity. Moreover, it should be noted that the training
data of LLMs may contain human translations of
Peter Pan, potentially influencing the results and
blurring the boundaries between human and LLM
translations.

Second, methodologically, this study primarily
relies on quantitative stylometric analysis, offering
a broad “distant reading” of translation patterns.
However, it lacks in-depth qualitative analysis to
explain why certain stylistic deviations occur be-
tween HTs, LLM and NMT outputs. Future work
could incorporate qualitative case studies or human
evaluations to better understand how MT outputs
impact the reading experience of child audiences
and whether stylistic deficiencies could be miti-
gated through prompt engineering or fine-tuning
techniques.

Lastly, the feature set in this study remains lexi-
cal and syntactic-centric, with limited exploration
of semantic and discourse-level attributes. Some
feature overlaps were also observed, which could
introduce redundancy in classification tasks. Future
work should incorporate feature correlation anal-
ysis and dimensionality reduction methods (e.g.,
PCA) to refine the feature set and explore network-
based approaches for a more holistic view of stylis-
tic variations.
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A  LLM prompt

The engineered prompt is originally drafted in Chi-
nese, as follows:

RE— MR TILECERIFES QIR B
RiEE, IRAESS &% JM. Barrie #) (Peter
Pan) BHEFEAE G OIE A SURCE - XA
S UCE BRI, Mo — Mgl ——IRAY
Hrd RE FCRI 2R AMBREE R, [
FEESCEINAT & P SO LE RS, iR
DRI SR T -

TEEE LT IR

- RSB E NI EI: REFEEFNEIER
, FEESCED) . BREER, uEaT i
A, EEEARIT -

- A JLEES S RAR% . 1 -
FEIREIERRRIFRA T, B AR . fE
HEALAEE . S S .

- SCICTE RS VR EE AT BE N B B AR B SCAE T
7, EEAF R ICES, (HRIERE RERH
RN AT £ /R -

- ABEPMEES . BRE DA R
RBEERE P LA -

- AR E s RER (-
N~ Z5kEE) | AEAN, RFEAETE
&, SRR B R -

EREFELLS (B0E%) RB, FReTE L
ARJEM: [JFH3]

English Translation:

You are a seasoned translator and writer spe-
cializing in children’s literature. Your task is to
create a highly creative Chinese adaptation of J.M.
Barrie’s Peter Pan. This is not merely a literal trans-
lation but a transcreation - your goal is to preserve
the whimsical essence and emotional tone of the
original while making the text more engaging and
accessible for Chinese children ensuring it is rich
in imaginative appeal and literary charm

Guiding Principles for Transcreation:

- Emotional and Imaginative Recreation: Main-
tain the fairy-tale atmosphere of the original, mak-
ing the translation vivid and evocative. Feel free
to adjust sentence structures to enhance expressive-
ness.

- Child-Friendly Language: Use concise, rhyth-
mic, and conversational expressions, avoiding rigid
literal translation. Incorporate onomatopoeia, redu-
plication, rhyming phrases, and other playful lin-
guistic elements as appropriate.

- Cultural Adaptation: Modify cultural refer-
ences that may be difficult for Chinese readers to
grasp, ensuring they fit the Chinese linguistic and
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cultural context while preserving the mystical and
fantastical essence of the original.

- Character-Specific Speech: Ensure that each
character’s unique personality and speech style are
well reflected in the translation.

- Enhanced Literary Appeal: Utilize figurative
language (e.g., metaphors, personification, hyper-
bole) and varied sentence structures to enrich the
storytelling, improve readability, and enhance the
rhythm and emotional impact, particularly when
read aloud.

Please translate the following excerpt from Peter
Pan while adhering to these principles: [text]

B Feature set in summary

A summary list of features used in the study is in
Table 3.

C Selected features used in experiments

A summary list of significant features used in dif-
ferent experiments is in Table 4.

D Supplementary figures

Figure 1 illustrates pair-wised classification results
among HTs, NMTs, and LLMs groups.

Figure 2 shows the clustering results.

Figure 3 illustrates ratio of conjunction words,
and the ratio of the 1-word-gram-9AJ5 between
HTs vs. MTs, and NMTs vs. LLMs.

Figure 4 presents ratio of 1-word-gram-— ¥
between HT's vs. MTs, and NMTs vs. LLMs, and
the distribution ratio of “f%...... —7H£ in all texts.

Figure 5 illustrates generic features between HT's
vs. MTs, and NMTs vs. LLMs.

Figure 6 shows CTT-specific features between
HTs vs. MTs, and NMTs vs. LLMs.

Figure 7 mainly illustrates the distribution of six
key features among seven LLMs.

Figure 8 shows an example of the phrase “/%...—
F£ drawn from actual concordance.
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Feature level  Sub level Total Feature instances
Generic Lexical 69 STTR, MTLD, noun, verb, content words, idioms . ..
Syntactical 26 WordsPerSent, QuestionSent, MDD, AvgChildrenPerNode. ..
textual . . .
features Readability 16 lexical_richness, Concreteness score, AvgConcrete . ..
N-grams 309 N_word_gram, N_PoS_gram, N=1-3 ...
CTT. Repetition 7 ratio_AA, ratio_ ABAB, ratio_ AAA, ratio_ AABB. ..
. Rhythm 10 Open Syllable Ratio, Rhyme Density, Rhyme Ratio ...
specific - . o
Translatability 5 completeness, foreignness, code_switching, untranslatable . ..
features . ) i ] . .
Miscellaneous 5 ratio_onomatopoeia, ratio_StrongModifier, ratio_er_suffix ...

Table 3: Summary of features used in this study. Due to space constraints, only representative feature instances
are listed, with “...” indicating additional features available in the full list (see supplementary materials). Feature
names shortened for formatting when necessary.

Groups Generic features Specific features
Ratio_conjunction foreignness_ratio
word_1 gram_?f‘?}é switching_ratio

HTs word_1 gram_—jfi ratio_er_suffix

1\\/?[‘ g word_lgram_Efl]  ratio_StrSentMdfyr
ratio_adverb ratio_aabb
ratio_ContentWords ratio_ AA
word_lgram_jXH  code_switching_ratio
pos_2gram_ws foreignness_ratio

NMTs ratio_dscrptW ratio_StrSentMdfyr

LE\/I S ratio_adverb ratio_ AA

POB

ratio_prep

Table 4: Summary of significant features used in dif-
ferent experiments. 6 features in each sub-categories
are selected from top-40 salient features, with “-”> mark
representing no more features in this category are found
in the top-40. Feature names shortened for formatting
when necessary.
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Averaged Pairwise Classification Accuracy Heatmap o
HSH 0.87.0.84 0.88 0.87 0.89 0.89 ).89 .
HSU -0.80 0.76 0.76 0.86

0.95

HTM -0.87 0.76 0.84 0.89

HTR.0.76 ! 0.83 0.87 0.84 0.86 0.89 0.86 0.86 0.86 0.90

HYG-0.84 0.86

-0.85

NGT -0.88 0.83

NBD -0.87 0.89 -0.80

Accuracy

True Class

NYD -0.89 0.84
NMS : 85 0.89 0.75 0.75 0.86
NNT -0.85 ! ! ) 0.78 0.82 0.84 078
LKM -0.86 0.83 88 0. 73 0.87 0.8¢ 0.84 0.74 0.85
LLT -0.89 0.89 0.70
LTI
LDS -0.89 0. 0.82 0.85 0.89
LGM : 0.82 0.84 0.87 0.65
LCG

LCL

| : 0.60
QO & X O Y S8R0 0. L A8 o ISRV
FEECEEFIIELEF S FP EF LS
Predicted Class

Figure 1: Pair-wise comparison of different MT engines based on five averaged classifiers and top-30 salient features
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HTs vs MTs HTs vs MTs

(Feature: ratio_conj) (Feature: word_lgram #8Ji)
0036 ANOVA F-statistic: 91.10 Kruskal-Wallis F-statistic: 134.17]
p-value: 0.0000* p-value: 0.0000*
00025
0,034
0032 00020
0,030 0.0015
0,028
0.0010
0.026
0.0005
0.024
& & & &

Figure 3: Generic differences between HTs and MTs.
The left panel compares ratio of conjunction words,
while the right panel examines ratio of the 1-word-gram-

WIa

HTs vs MTs

. ratio of the phrase "{#&..—## (same as...)"
(Feature: word_lgram_—¥¥)

Kruskal-Wallis F-statistic: 97. AT
1 p-value: 0.0000*

00005 0,001 00015

& &
Figure 4: The left panel compares ratio of 1-word-gram-
—7¥£, while the right panel shows the distribution ratio
of “f&...—HF” in all texts.

LLM vs NMT HTs vs NMT vs LLM
(Feature: ratio_dscrptW) (Feature: ratio_adverb)
0.0040
Kruskal-Wallis F-statistic: 36.04 ANOVA F-statistic: 52.32
p-value: 0.0000% p-value: 0.0000*
0.0035 0.105
0.0030 0.100
0.0025
0.095
0.0020
0.090
0.0015
0.085
0.0010
& S
& S & & S

Figure 5: Generic differences between HTs and MTs.
The left panel compares ratio of descriptive words, while
the right panel examines ratio of the adverbs among HTs,
NMTs and LLMs.



HTs vs MTs

HTs vs MTs

HTs vs MTs

(Feature: trans foreignness ratio) (Feature: ratio_er suffix) (Feature: ratio AA)
0.015
0.0008 1" K ruskal-Wallis F-statistic: 989 Kruskal-Wallis F-statistic: 40.10 Kruskal-Wallis F-statistic: 41.75
p-value: 0.0000* p-value: 0.0000* 00144 p-value: 0.0000%
0.0007 0.0030
0.0006 - 00131
0.0025
0.0005 4 0.012 4
0.0020
0.0004 4 0.011 4
0.0003 -
0.0015 0010 1
0.0002
0.009 4
0.0010
0.0001 -
0.008
0.0000 T - : . .
'é;\':: 3 \<\‘- é\v & 4@
LLM vs NMT ) LLM vs NMT LLM vs NMT
(Feature: trans_foreignness_ratio) (Feature: ratio_er_suffix) (Feature: ratio_AA)
0.0014 1 0.013 4
Kruskal-Wallis F-statistic: 43.52 000141 Kruskal-Wallis F-statistic: 6.32 Kruskal-Wallis F-statistic: 27.11
p-value: 0.0000* p-value: 0.0120* p-value: 0.0000*
0.0012 0012 4
0.0012 4
0.0010 4
0.011 4
L
0.0008 1 0.0010 4 4
0.010 4
0.0006 4
0.009 4
0.0008 4
0.0004
1 0.008 1
0.0002 1 0.0006 1
0.007 4
0.0000 » T T T :\
& & S &

Figure 6: Feature distribution comparisons between different translation groups. The left column presents the
differences in trans_foreignness_ratio; the middle column shows variations in ratio_er_suffix; and the right column
illustrates the differences in AA-pattern repetitive expression.

69



LLMs Comparison LLMs Comparison LLMs Comparison

(Feature: Average Number of Children per Node) (Feature: ratio_adverb) (Feature: ratio_ AA)
45
012 0.016 4
40
0.014 4
354 011
0.012 4
30 4 0.10
0.010 4
254 0.09
0.008 4
2 008
0.006 4
154
. . . . 0.07 -
- & 4 o . 8 - ) & A & &
& & V‘-sh S N & \55& N N & & \'5\ N Q’
LLMs Comparison LLMs Comparison LLMs Comparison
(Feature: ratio_quote) (Feature: trans_foreignness_ratio) (Feature: ratio_er_suffix)
0.005 A
030 0.0035 -
0.004 4 0.0030 -
0.25
00025 A
0.003 4
020 0.0020
0.002 4 0.0015 4
0.15
00010
0.001 A
0.10 0.0005 4
T 0.000 * + T T T T T
oS S < 5 A ) & A . -
& ébl \G} N ¥ & N Q5§ S > & 6y ‘GQ N &

Figure 7: Comparison of key linguistic features across seven different LLMs. The top-left plot shows differences in
Average Number of Children per Node; the top-middle ratio_adverb; the top-right ratio_AA. The bottom-left plot
presents differences in ratio_quote; the bottom-middle trans_foreignness_ratio; the bottom-right ratio_er_suffix.

Origin: He was accompanied by a strange light, no bigger than your fist, which darted about the room like a living thing.

NAZ: fB B — & FR M KT, LR BBELE K, T EREY ﬁ?‘%lﬂ?i_‘é%%-}t—

NYD: f B B — f BE M K, &E R E BN A, BUANNEN & = BE 2 2 K B ,--

NNT: BB B b M R — B AE M K, RE IR M AL KX, @& =D &Y HTEEE‘E%‘H&,

NMS: fe BB — 8 AR B K, K bR B R ok, R W ﬁ?‘ﬁ%‘ﬂ%_‘ﬂ%%f

NGT: fo B B £ B — 8 BE Ok, K AL K. (R ED — 7 FE 2 Bk ¥k,

NDL: #HE B M R —RBEM X, LKBELKXFTT D, &REY ﬁf?\ﬂi_ﬂ&%%

NBD: ftb % H — #E FE K X, IREK HBLE N, &®IEY ﬁ?‘ﬁ@%_ﬁé_‘éf 3

LCL: f B BE — M ER B K, FL IR0 EL Kk, % BB 2 & 4 AW M R E % .

LCG: fb FIE ME — A, 5F K BE — H AR 0 K%, R A EL KN, iﬂf%%é%fﬁx?‘lzi"ﬂ?&iﬁzﬁ CRILE
LTI: fb B BB — B FE B KE, KM R D FFE -4, T & BEE 2 KE Tk, EOm

IiT: s B W EF — EFEM K, FTHMAHEL X, D EEE N FAE —FHF £ F8 2 k¥ £, oM
LKM: fio B3 #H & — R FF MW RXE, BARRT L MR L X, ©xE FE E RIEY EIT_"J&A_EEE CRILE
LGM: 2 B # B —Z FRE O X, TR/ BL KX, £EFEIEHRDEY —FH ©E ¢ =,

HYG: M & 0, BF — @A F% 0 %, B KX F RE R HEL P K, E@—AIEWEJ%EEIE&AEL_%D
HTR: fio &F — 0 FF 6 % . & bR L X, 1%%5%89%@3}5&?‘ B 2 Bk E X ; G

HTM: R i £ —2 0 08 — & FRr M X, B IR O FL 7% K, & = E% — % BB B By,

HTL: F& & Sk 09 &8 — M &% M A, AU\ KM X Kk, 1%%, fF ey £ B2 & %,

HTH: BE B0 B — B SR M K, HEL AR T S0, BEKE B L weEE, & 2 4 EY .

HSU: RRE M 9, B —HBERH X, — BB RE HFL AW, AN F E£6 0 EY —HF %

HSH: 5 f 1B B0 A — 8 BB B K, Bk R H R E AL K, M 1 BRE E B 2 REE

Figure 8: Actual concordance in the corpus of the feature “{%. .. . .. —£”. Highlights by matching regular expression

BRI+
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