Linguistic Research 43(Special Edition): 77-97

DOI: 10.17250/khisli.43..202609.003

How human and AI modulate informativity across genres:

Evidence from translation

Jisoo Choi

(Hanyang University)

Choi, Jisoo. 2026. How human and AI modulate informativity across genres: Evidence
from translation. Linguistic Research 43(Special Edition): 77-97. Whether Al translation
departs from human translation in measurable ways remains largely a matter of
impression rather than evidence. This study tests that question on Korean source texts
rendered into German by human translators, neural machine translation, and a large
language model, across news and literary fiction. Surprisal values from a pretrained
language model quantify informativity at sentence and word levels, while coded cohesive
devices such as recurrence, proforms, and ellipsis anchor the interpretation. Analysis
of variance locates significant divergence in two configurations only. News texts diverge
at the sentence level between human translation and LLM output (F = 3.788, p = .030).
Literary texts diverge at the word level between human translation and NMT (F = 3.815,
p = .022). Effect sizes stay small to medium throughout. Divergence is therefore selective,
bound to genre and structural level rather than uniform. The contribution lies in
converting informativity and cohesion from descriptive categories into replicable
quantities for a language pair rarely examined this way. Corpus size restricts the findings
to an exploratory case study. (Hanyang University)
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1. Introduction

With the advancement and widespread availability of machine translation and large
language models (LLMs), human translation is increasingly losing its edge in terms
of speed. However, despite such progress, Al-generated translations still fall short of
human translations in terms of communicative effectiveness and impact. This is

particularly evident in literary translation, where AI frequently produces sentences
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that are awkward in contrast with those crafted by humans.

This study contributes to clarifying the causes of this difference in effectiveness.
To focus more precisely on differences, this study analyzes translations derived from
the same text. Recent studies have addressed Al’s translation capabilities (Donthi et
al. 2024; Elkins 2024; Li 2024; Zhang et al. 2024). However, many of these studies
have largely focused on translation error typologies, comparative evaluations of
translation quality (Zhang et al. 2024), and improvements in idiomatic translation
(Donthi et al. 2024). While Elkins (2024) and Choi (2024, 2026) have addressed stylistic
aspects of Al translation, and such research remains scarce. There is a growing need
for studies to include stylistic and textual analysis.

In particular, Lee and Zhao (2023, 2024) analyzed the German, English, and
Chinese translations of Korean short stories qualitatively with a focus on textual
cohesion and emphasized the importance of informativity-oriented translation. In their
2023 study, they examined the Korean source texts alongside their multilingual
translations, concentrating on cohesive aspects such as recurrence, pro-forms, temporal
markers, and conjunctions. In their 2024 follow-up study, they argued that
informativity-oriented translation is the hallmark of high-quality translation.

This study focuses on cohesion and informativity as two standards of textuality
(De Beaugrande and Dressler 1981), which are often interrelated, as shifts in cohesion
tend to accompany changes in informativity. To examine how these relations differ
between human and AI translations, the study identifies instances where cohesion
diverges across the two translation types and compares how such divergences
correspond to differences in informativity, using both quantitative and qualitative

analyses.

2. Theoretical background

2.1 Informativity

Informativity refers to the degree of unpredictability in a text. The less predictable
and probable a word is, the higher its informativity; conversely, the more predictable
and probable it is, the lower its informativity.

From the perspective of textuality, informativity is concerned with the interaction
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between the semantic structure of the text and the reader’s cognitive state. Thus,
informativity can be upgraded or downgraded as information is transmitted from the
producer to the receiver (De Beaugrande and Dressler 1981).

Although translated texts often attempt to preserve the degree of informativity
present in the source text, adjustments are sometimes necessary depending on the
target culture and readership. If informativity is excessively high, the reader may fail
to establish continuity between the text and their prior experience. Conversely, the
source text’s intended attention or interest may be lost. Strategies such as downgrading
the informativity of cultural references or proper nouns can mitigate this risk.

Treatment of informativity also varies according to text type and genrel. In news
texts, if informativity is too high at the beginning, comprehension may be hindered
(see Kim 2003: 52). By contrast, in literary text, excessive explicitation (Baker 2000)
or simplification in translation may compromise the intended effect of the source
text. Therefore, translators should not merely perform word-for-word substitution but
should instead attempt to reproduce the text’s intended effect through calibrated

control of informativity.
2.2 Cohesion

De Beaugrande and Dressler (1981: 57) identified changes in cohesion as emerging
through mechanisms such as recurrence, paraphrase, substitution, ellipsis, tense, aspect,
modality, and conjunctions. This study particularly focuses on recurrence and ellipsis,
which can occur across various textual layers. De Beaugrande and Dressler (1981)
emphasize lexical recurrence, which is the recurrence of the same lexical item or
phrase. While such recurrence can facilitate cohesion, excessive use may reduce the

informativity of a text.
(1) John ran home and John ran home.

The example (1) above employs a predictable syntactic structure, close to default

and preferred constructions. Despite the cognitive space available for processing more

1 Text type refers to internal and functional-linguistic classifications of texts, while genre is reserved for
externally defined and socially recognized categories (cf. Lee 2002).
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complex information, unnecessary recurrence lowers the informativity to an excessive
degree, which may diminish reader interest and attentional engagement. In contrast,
recurrence in literary contexts, such as poetry, may serve a rhetorical function and

therefore warrants preservation as illustrated in example (2).
(2) break, break, break

In such cases, lexical recurrence enhances rhythm and reinforces the emotional
tone of the text. Other cohesion devices such as paraphrase and substitution offer
variation in expression while preserving meaning and referential clarity, thereby
playing a crucial role in the regulation of informativity. In this study, particular
empbhasis is placed on the phenomenon of recurrence, as it affects the reader’s cognitive
load and the retention of key information. A combination of quantitative and

qualitative analyses will be employed to investigate this aspect of cohesion.
2.3 Surprisal

The concept of informativity in the context of text linguistics is rooted in Shannon’s
(1948) information theory (De Beaugrande and Dressler 1981: 155). According to
this theory, the more alternatives are available at a given point in a message, the
higher the informativity of the selected option. If only one word can logically occur
in a given position, its informativity is low. Consequently, the more unpredictable
the upcoming word is, the greater the degree of actual surprise when it appears.

In information theory, this surprise is referred to as ‘Surprisal’, which has been
proposed as a proxy for human processing complexity (Hale 2001), corresponding
to increased reading time (Demberg and Keller 2008). Wilcox et al. (2020) and Jon
and Bojar (2024) have also argued that higher Surprisal values correlate with greater
cognitive effort required by the reader.

Surprisal has been widely used to quantify linguistic predictability and complexity
across multiple levels of analysis (Hale 2001; Levy 2008; Monsalve et al. 2012; Smith
and Levy 2013; Wilcox et al. 2020). In cognitive processing research, surprisal has
been validated as a reliable correlate of processing complexity, particularly through

its association with sentence- or phrase-level reading times (Monsalve et al. 2012;
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Xu et al. 2023) and eye-tracking data (Demberg and Keller 2008; Balling and Kizach
2017; Salicchi et al. 2023). More recently, the validity of Surprisal as a fine-grained
measure of linguistic predictability has been further demonstrated by linking it to
cortical EEG responses during real-time spoken language comprehension (Weissbart
et al. 2020).

The present analysis focuses on translated texts. By comparing genre-based
translation patterns across translation agents, it is possible to examine discourse-level
characteristics of Al translationese. Rubino et al. (2016) demonstrated that Surprisal,
in addition to complexity features based on n-gram frequency, serves as a meaningful
indicator for distinguishing between human translations and originally authored texts.
This suggests that the presence of translationese can be quantitatively identified and
that informational properties, in addition to linguistic features, can serve as
classification criteria.

Surprisal has also been used to model the routine of translation in previous
research. Martinez and Teich (2017) incorporated Surprisal as an indicator of the
predictability of information within a computational-cognitive framework that bridges
translator expertise with degrees of automation. Degaetano-Ortlieb and Teich (2017)
quantitatively analyzed intra-textual shift, a phenomenon of central concern in
translation studies, using entropy and average Surprisal. Their study revealed genre-
and style-specific differences in information patterns, aligning closely with the
objectives of the present study, which aims to identify human and machine translation
differences based on genre.

This study explores genre-sensitive differences using Surprisal values from neural
language models and initiates a qualitative discussion on informativity as a textuality

feature, alongside cohesion as a regulating factor.

3. Method

3.1 Corpus

The corpus employed in this study consists of translated texts from Korean into
German. The translations were produced by three different translators: human
translator, Google Translate, and ChatGPT (GPT-40). The prompt was entered as
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follows:

“You are a professional translator who has been translating between German and
Korean for more than 10 years. Translate this text from Korean to German, considering
the genre and considering the German readers, but do not delete or add content
arbitrarily and do not make up words that you do not understand.:”

Two source texts were selected for analysis. The first text group is made by three
news articles published by Korea.net.2 The second is a literary text, taken from the
monologue section of The Vegetarian (Chae-sik-ju-eui-ja) (Oct. 2007) by Han Kang,
a writer that won the Nobel Prize in Literature, and translated into German by
Ki-Hyang Lee as Die Vegetarierin (Aug. 2016).

News articles contain longer, information-dense sentences, so surface cohesion
must remain unobtrusive to ensure clarity. In contrast, the dream monologue in Die
Vegetarierin uses short, repetitive, or elliptical sentences that heighten cognitive load
but serve key stylistic functions. Thus, translations should preserve these literary effects
rather than uniformly reducing informativity.

This study, designed as an experimental case study bridging text and quantitative
linguistics, employs a focused small corpus to enable parallel qualitative analysis. The
news text translations comprised 492 words (human), 521 words (NMT, Google
Translate), and 539 words (LLM, ChatGPT/GPT-40, OpenAl 2025). For the literary
text, the respective word counts were 704 (human), 703 (NMT), and 709 (LLM).

3.2 Surprisal measurement

To obtain Surprisal values (Shannon 1948; Hale 2001), this study employed the GPT-2
language model to retrieve the log-probability of each token given its left-hand contex
t.3 These log-probabilities were then used to compute Surprisal according to the

following formula:#

2 The translator remains unidentified, despite the byline naming the Korea.net journalist. This precludes
attributing stylistic patterns to either individual idiosyncrasy or general characteristics of human
translation.

3 Surprisal values were computed using 117M-Parameter GPT-2 model (Radford et al, 2019), an
autoregressive language model publicly available via Hugging Face (https://huggingface.co/gpt2). GPT-2
was selected for its accessibility, reproducibility, and ability to return log-probability distributions
required for Surprisal computation. Although larger models such as GPT-4 offer improved fluency,
their closed-source nature and restricted access to token-level probabilities render them unsuitable for
reproducible Surprisal-based analysis.
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Surprisal(n) = —log, P(w,|(w;...w,))

Tokenization was performed using the AutoTokenizer from the dbmdz/german-gpt2
model. In word-level Surprisal calculation, all special characters and punctuation marks
were removed. For sentence-level Surprisal, the text was segmented into sentences
based on terminal punctuation such as periods, exclamation marks, and quotation
marks. While German compound nouns may be segmented by subword-level
tokenization, no explicit decomposition was applied to preserve semantic integrity.>
All steps were implemented using the Python-based Transformers library (Wolf et
al. 2020) to ensure compatibility with the pretrained model and reproducible word
segmentation.

Sentence-level Surprisal is computed as the negative log of the product of
conditional token probabilities, which is mathematically equivalent to the sum of
word-level Surprisal within the sentence. These levels differ interpretively. At the
word-level, each token is treated as an individual data point, resulting in a large
number of observations and higher statistical sensitivity, but without capturing
sentence-level dependencies. In contrast, sentence-level Surprisal provides a single
value per sentence, allowing for broader comparisons across texts. Accordingly, both
levels were examined for three translator types (HT, NMT, LLM) and two genres

(news and literature).
3.3 Cohesion analysis

To analyze textual cohesion across translation outputs, a manual, sentence-by-sentence
comparative analysis was conducted by a single annotator. The analysis focused on
identifying and comparing cohesive devices in translations produced by human
translators, an NMT, and an LLM-based system. This analysis was grounded in the
text linguistics framework proposed by De Beaugrande and Dressler (1981), with
particular attention to two key cohesive mechanisms: recurrence (the repetition of

4 Surprisal (n) measures the probability (P) that a given word (wa.) occurs after the preceding words
(W1...wn.1). The lower the probability (P), the higher the surprisal value.

5 Future work could apply morpheme or subword-level tokenization to compound expressions and
compare the resulting Surprisal estimates with those obtained under the current approach, thereby
isolating the effect of tokenization granularity on the reported results.
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lexical items or concepts) and ellipsis (the omission of elements recoverable from
the context). Each sentence from the source text was aligned with its three
corresponding translations, and the presence, absence, or alteration of these cohesive
features was annotated and qualitatively compared. This approach enabled a focused,
in-depth discourse-level assessment that complements quantitative analyses, with a
single-annotator design ensuring consistency across all samples, though this also

constitutes a methodological limitation.

4. Results and discussion

4.1 Informativity

Sentence-level Surprisal values were compared across three translation Genre (HT,
NMT, and LLM). Group differences were tested with one-way ANOVA (Lakens 2013),
followed by Tukey’s HSD for pairwise comparisons.

In news texts (Figure 1), ANOVA revealed a statistically significant difference
between groups (F = 3.788, p = .030). Tukey post-hoc comparisons in dicated a
difference between HT and LLM (p = .028), with HT showing a higher mean surprisal
(b = 6.20) than LLM (p = 5.37). The difference between HT and NMT (n = 5.64,
p = .170) and that between NMT and LLM (p = .662) were not significant. In other
words, in the news dataset, human-translated sentences were less predictable than

LLM outputs under the surprisal measure used here (See Table 1).
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By contrast, sentence-level surprisal in the literary texts (Figure 2) did not differ
significantly across HT, NMT, and LLM (F = 1.354, p = .261). The mean values
were also relatively close, and none of the Tukey pairwise comparisons reached
significance. This suggests that, at the sentence level, the literary dataset does not
provide strong statistical evidence for systematic differences in predictability across

the three translators.
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Figure 4. Sentence-level Surprisal - Literary texts

At the word level (Figure 3), the news texts likewise showed no statistically
significant difference across translators (F = 1.913, p = .148). Although HT yielded
the highest mean token-level surprisal (u = 5.29), followed by NMT (u = 5.25) and
LLM (p = 4.75), none of the pairwise comparisons was significant. Accordingly, the
numerical differences observed in the news word-level distributions should not be

interpreted as robust evidence of a translator effect.
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Figure 5. Word-level Surprisal - News texts
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A different pattern emerged in the literary texts at the word level (Figure 4).
ANOVA revealed a significant overall effect of translator (F = 3.815, p = .022). Tukey’s
HSD showed that the only significant pairwise difference was between HT and NMT
(p = .016), with HT showing the highest mean surprisal (n = 7.64) and LLM the
lowest (n = 6.87), LLM occupied an intermediate position (u = 7.26), and did not
differ significantly from either HT or NMT. These results indicate that, in the literary
dataset, human translations were lexically less predictable than LLM outputs, while

LLM occupied an intermediate position without forming a statistically distinct group.
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Figure 6. Word-level Surprisal - Literary texts

Taken together, these findings point to a genre-sensitive but non-uniform
distribution of informativity across translators Significant differences emerged in
sentence-level surprisal for the news texts and in word-level surprisal for the literary
texts, but the significant pairwise contrasts were limited in scope. Rather than
supporting a simple human-versus-machine hierarchy, the results suggest that
differences in predictability arise at different linguistic levels depending on genre and
textual function.

This interpretation also requires caution in relation to non significant results. The
absence of a statistically significant difference does not demonstrate equivalence
between human and machine translation. Rather, it indicates that the present data
and model did not provide sufficient evidence for a reliable distinction under those
specific conditions. This is particularly important in the comparisons involving NMT
and LLM, where assumptions about “human-likeness” should not be inferred solely
from lower or similar surprisal values.

More broadly, surprisal should not be treated as a direct proxy for overall
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translation quality. Lower surprisal reflects greater probabilistic predictability under
the language model, whereas higher surprisal reflects lower predictability. Neither value
is inherently preferable independent of genre, style, or communicative purpose. In
this sense, the findings are best understood as evidence that translation types distribute
informational density differently across genres and across sentence-level versus
word-level organization.

From the perspective of textuality as discussed by de Beaugrande and Dressler,
these results suggest that informativity is not fixed at a single global level but interacts
with discourse type and translational choice. The quantitative patterns reported here
therefore motivate a more fine-grained qualitative analysis of how cohesion and
genre-sensitive discourse structuring are realized across HT, NMT, and LLM outputs.

The following section turns to that qualitative dimension.

Table 1. Results of ANOVA and post-hoc tests

Sig
0,
Dom Level ANO | p-va | Group | Grou | Mean adi ?ifwe? nifi-
ain VA F | lue 1 p2 piff | P29 > | can
Upper) ¢
News | S™M€ | 3768 | 030 | HT LM | 0830 | 028 | C1387 | yes
nce -0.074)
(-1.281,
HT [ NMT | 0552 | 170 | 20 | No
(-0.498,
LIM | NMT | 0279 | 662 | " )co% | No
Litera | Sente | 30, | 261 | HT LM | 0087 | 934 | (0673 |\
ture nce 0.498)
(-0.971,
HT | NMT | -0385 | 267 | 00" | No
(-0.796,
LLM | NMT | -0298 | 335 | "0 | No
(-1.293,
News | Word | 1.913 | .148 | HT LIM | 0538 | 216 | it No
(-0.803,
HT | NMT | -0043 | 990 | "% | No
(-0.203,
LLM | NMT | 0495 | 220 | /00 | No
Litera | vy ord | 3.815 | 022 | HT LM | -0379 | 363 | CLO3% | g
ture 0.276)
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Sig
0,
Dom Level ANO | p-va | Group Grou | Mean adi ?Iif)wecrl nifi-
ain VA F | lue 1 p2 piff | P29 > | can
Upper) ¢
(-1.430,
HT NMT | -0.773 | .016 20.117) Yes
(-1.049,
LLM NMT | -0.394 | .336 0.262) No

The following chapter therefore turns to a qualitative analysis of cohesion, focusing

on how human and machine translators handle these devices in genre-sensitive ways.
4.2 Cohesion

While the quantitative Surprisal analysis revealed differences in informativity across
translation types and genres, it could not fully explain the underlying linguistic
strategies. The next chapter therefore turns to cohesion, in the sense of De Beaugrande
and Dressler’s (1981) standards of textuality, and discusses representative cases of
recurrence and ellipsis as devices that structure information and maintain referential

continuity.
4.2.1 Cohesion in news text

The human translations examined in this study predominantly preserved the
subject-verb order characteristic of journalistic prose and largely avoided
nominalization. Notably, human translators rarely used the German preposition laut
(according to), which often functions as an expression indicating source in journalistic
discourse (Smailagi¢ 2012: 23). Instead, they preferred adjective constructions over
adverbial ones. In contrast, Al translations tended to replicate the source text more
directly, frequently using prepositions such as laut (according to), wegen (due to),

and mit (with) (example 3).

(3) German
ST AFYJoRRPHA(AFA)) 71 28 WHaegt 2023 % 9|7 7]7] A4ikgd:
o] wizm Ade) Hu o7l A% R 10272709
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Holl 3k

According to the results on the production, import, and export of
medical devices in 2023 announced by the Ministry of Food and
Drug Safety on the 28th, the size of the domestic medical device
market reached 10.727 trillion KRW last year.

HT  Das Ministerium fiir L teilte am 28. Mai das Ergebnis fiir P--- der
koreanischen medizinischen Gerdte im Jahr 2023 mit. Demnach
betrug das koreanische Marktvolumen -

The Ministry for L-:- shared on the 28th of May the result for P
of the Korean medical devices in the year 2023. According to this
amounted the Korean market volume ---

NMT Laut der am 28. vom Ministerium bekannt gegebenen Produktion -
-sleitung erreichte die Griffe des heimischen Marktes:

According to the on the 28th by the ministry announced productio
n---performance reached the size of the domestic market -

LLM Laut dem am 28. veriffentlichten Bericht der Behirde iiber die
Produktion  --- belief sich der Markt fiir die heimische
Medizingerditeindustrie -

According to the on the 28th published report of-the agency about
the production ‘- amounted the market for the domestic medical

device industry -

It seems that the human translator avoided a literal rendering of the long noun
phrase, possibly in an effort to manage informational density. Given that the Korean
source text itself employs complex noun phrases, this translation strategy may appear
somewhat counterintuitive. However, in light of the universal phenomenon of
explicitation in translation (Baker 2000), it can be assumed that the translator’s
intention was to enhance clarity as much as possible.

Differences also emerged in the translation of repetition (Example 1). For example,
the Korean term for ‘domestic’ was rendered by human translators as explicit
koreanisch (Korean) only in the initial part of the text and was omitted entirely in
subsequent instances. Machine translations, by contrast, repeatedly used a range of
nominal and adjectival variants such as inlindisch (domestic), heimisch (domestic),

and im Inland (within the country) instead of omitting or varying the term. In cases
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of verbs, Al often substituted the repeated term as betrug (amounted to)” with different
expressions, such as belief sich (amounted to), or wies auf (indicated).

These findings partly align with a recent study on informational text translation
that compared ChatGPT’s performance with human translators across four language
pairs (Yan et al. 2024). Yan et al. (2024) qualitatively identified systematic differences
in translation strategies, with GPT-4 producing overly literal renderings and showing
lexical inconsistencies, whereas human translators more often added content not
present in the source. From a textual perspective, this pattern reflects differing

strategies for managing informativity and target-audience orientation.
4.2.2 Cohesion in literary text

While the differences between human and AI translations in news articles were mainly
observed in the use of recurrence, in literary texts, the most notable divergence was
found in the handling of ellipsis. Humans effectively used ellipsis to eliminate
informational redundancy thereby improving textual flow and cohesion. In contrast,

Al generally failed to eliminate such redundancy (example 4).

(4) German
ST 2 wolglol ot gl
It was a dark forest. There was no one.
HT Ein dunkler Wald. Kein Mensch weit und breit.

A dark forest. No  one in  sight.
NMT Es war eindunkler Wald. Es war niemand da.
It wasa dark forest. There was no one there.
LLM Es war ein dunkler Wald. Es war niemand da.

It was a dark forestt There was no one there.

In example 4, the source text consists of two short sentences, “It was a dark forest.
There was no one.” The human translation renders this as “Ein dunkler Wald. Kein
Mensch weit und breit.” whereas both NMT and LLM use structurally parallel
sentences, “Es war ein dunkler Wald. Es war niemand da.” From the perspective of
Surprisal as an index of unexpectedness and information density, the human version

increases Surprisal through lexical variation and pragmatic enrichment in “Kein
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Mensch weit und breit,” which adds idiomatic nuance and enhances reader
engagement. In contrast, the machine translations repeat sentence structure and lexis
with the highly predictable pattern “Es war [X]. Es war [Y].” which lowers Surprisal
and yields grammatically correct but stylistically monotonous and pragmatically
reduced output.

The human translator’s ellipsis of the copula in the first sentence and idiomatic
intensification in the second can be seen as an effort to balance textual economy
with reader involvement, whereas the machine versions prioritize syntactic
completeness and semantic clarity, optimizing internal consistency rather than
communicative impact.

Conversely, example 5 shows the opposite tendency. The source text uses
intentional repetition “I ran and ran” to convey emotional intensity and rhythm, and
the human translation preserves this effect with “Ich rannte und rannte,” while NMT
(“Ich rannte noch einmal”) reduces recurrence and undertranslates the intensity, and
the LLM version (“Ich rannte und weiter”) breaks the symmetrical pattern, weakening
stylistic cohesion.6 Together these cases show that Al systems often mishandle
expressive repetition, either overreducing or unnecessarily altering it, which disrupts

cohesion and mismanages informativity in literary contexts.

(5) German
ST deal & g3lol.
I ran and ran.
HT Ich rannte und rannte.
I ran and ran.
NMT Ich rannte noch einmal.
I ran one more time.
LLM Ich rannte und weiter.
I ran and kept going.

Cohesion devices such as recurrence, ellipsis, and paraphrasing appear to shape

6 The tendency to break the symmetrical pattern of “I ran and ran” could stem either from a structural
property of the attention mechanism or from a training bias toward standardized, non-repetitive prose.
These two explanations are difficult to disentangle from output analysis alone, as both would produce
the same smoothing effect.
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how informativity is distributed and modulated, and the observed Surprisal patterns
can therefore be interpreted, with caution, in relation to translators’ cohesion choices.
Human translators seemed to adjust cohesion more sensitively by genre: in literary
texts, they used it more flexibly to preserve source text intentionality and literary
effect rather than simply maximizing processing ease. This may help explain why
word level Surprisal differences reached significance in the literary text. By contrast,
NMT and LLM outputs tended to favor clarity and semantic transparency over
genre-adaptive cohesion, at times producing redundancy, excessive repetition, and less

consistent cohesive structure.

5. Conclusion

This study examined differences in informativity and cohesion between human and
Al-generated translations (NMT and LLM) of Korean texts into German across two
genres, news articles and literary fiction. By combining Surprisal-based quantitative
analysis with qualitative examination of cohesive devices such as recurrence and
ellipsis, it provided a genre-sensitive account of divergent translation strategies.

The findings showed that human translators displayed genre awareness in
modulating informativity and cohesion. In news texts, they used pro-forms, ellipsis,
and structurally economical phrasing to reduce Surprisal and support informational
clarity, whereas AI translations favored nominalization and paraphrasing, often
introducing redundancy and elevating Surprisal. The distinction drawn here between
human translators® economical phrasing and Al systems’ more elaborated output is
broadly consistent with the translation universal of explicitation, although a clearer
boundary between explicitation and mere simplification would require further
theoretical refinement, particularly with respect to how each relates to Surprisal-based
measures.

In literary texts, human translators preserved stylistic features such as deliberate
repetition and ellipsis to maintain rhythm and emotional nuance, while Al systems
frequently flattened or disrupted these effects, resulting in maladjusted Surprisal
patterns and weaker textual coherence. It should be noted, however, that the
proportion of variance attributable to translator type was generally small to medium,

and this modest effect size warrants a more cautious interpretation of the claim that
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Al systems show limited discourse-level modulation.

Rather than supporting a simple human-versus-machine hierarchy, the findings
indicate that differences among HT, NMT, and LLM are genre-sensitive and
level-specific, emerging in different ways across sentence-level and word-level
organization. Surprisal should not be interpreted as a direct index of translation quality,
but rather as a measure of how informational density and predictability are distributed
within translated texts.

Theoretically, this small corpus case study contributes to textuality-oriented
translation research by empirically linking cohesion strategies to indicators and thus
operationalizing notions of informativity and cohesion that have often remained
descriptive. Practically, the findings underscore the need for future AI translation
systems that are sensitive to cohesion and able to adjust informativity dynamically
in line with genre-specific discourse norms, minimizing redundancy in informational
texts while preserving rhythmic and affective patterns in literary works.

Several methodological limitations should also be acknowledged. The corpus size
is small, and this may limit the statistical power of the ANOVA as well as the
generalizability of the findings to broader translation patterns. In addition, Surprisal
values were calculated using a GPT-2 model, which may not be fully commensurate,
in theoretical terms, with the predictive capacities of the considerably more advanced
LLMs whose outputs were evaluated. The qualitative cohesion analysis was furthermore
conducted by a single annotator, which ensured consistency but did not allow for
the calculation of inter-rater reliability. Future studies incorporating multiple
annotators would strengthen the validity of such discourse-level assessments. Finally,
while this study distinguished news and literary texts as broad genre categories, a
more fine-grained specification of their communicative roles and reader expectations,
along with clearer criteria for what constitutes successful informativity within each
genre, would further sharpen the qualitative benchmarks employed.

Given the limited corpus, the conclusions are tentative, and future research should
broaden the range of languages, genres, and translation directions while combining
corpus-based analysis with reader-based comprehension or processing measures to
further explore how information-theoretic measures and cohesive patterns jointly

shape the reception and cognitive accessibility of translated texts.
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