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Abstract

Translated texts exhibit systematic differences
from comparable texts originally written in the
target language. Explaining this phenomenon,
commonly known as translationese, remains
an open challenge. Translationese has been
attributed to production tendencies (e.g. in-
terference, simplification), socio-cultural vari-
ables, and language-pair effects, yet a uni-
fied explanatory account is lacking. We in-
vestigate the hypothesis that translationese is
a response to the cognitive load inherent in
the translation task. We test whether observ-
able translationese can be predicted from quan-
tifiable measures of translation task difficulty.
Translationese is measured as a segment-level
probability of being a translation produced by
an automatic classifier (translatedness score).
Translation task difficulty includes source-text
and cross-lingual transfer components. They
are captured by information-theoretic metrics
based on LLM surprisal and by established
syntactic and semantic alternatives. We use
a bidirectional English-German corpus com-
prising written and spoken subcorpora. Re-
sults indicate that translationese can only be
explained in part by translation task difficulty,
especially in the English-to-German direction.
For most experiments, cross-lingual transfer
difficulty contributes more than source-text
complexity. Information-theoretic indicators
match or outperform traditional features in
written mode, but offer no advantage in spo-
ken mode. Source-text syntactic complexity
and translation-solution entropy emerged as the
strongest predictors of translationese across lan-
guage pairs and modes.

1 Introduction

Previous work in translation studies yielded abun-
dant evidence that any cross-linguistic mediation

*This work was carried out while the author was affiliated
with the Department of Language Science and Technology,
Saarland University.

exhibits systematic statistical deviations from the
patterns observed in comparable non-translated,
originally-authored texts in the target language.
This property of translations is usually referred
to as translationese (Gellerstam, 1986). Evidence
from corpus-based and computational studies con-
firms that translationese is pervasive, reinforcing
its view as an intrinsic feature of cross-linguistic
mediation, which produces a translational variant
of the target language, often described as a “third
code” (Frawley, 1984; Baker, 1993).

Crucially, this phenomenon appears to be largely
independent of translation quality. In fact, one
could argue that texts entirely devoid of transla-
tionese may border on transcreation, adaptation,
or similar forms of mediated communication that
allow the source message to be substantially modi-
fied in response to the needs of the target audience
or a different communicative purpose. Such modi-
fications may involve, for example, simplifying the
message, rendering only its gist, omitting or adding
information, or otherwise repurposing the source
content. Such outputs, while possibly effective for
their intended purpose, diverge from the conven-
tional goal of translation – namely, to render the
source content faithfully using the most appropri-
ate means of the target language. This goal is most
straightforward when the source and target texts
serve the same communicative purpose and their
intended audiences are broadly comparable in the
socio-demographic characteristics relevant to the
communication. When either the audience or the
communicative purpose changes, adaptation of the
message itself may become necessary.

At the same time, both the strength and the lin-
guistic manifestation of translationese vary sub-
stantially. They are conditioned by multiple
factors, most prominently translation direction
(i.e. source–target pairing) (Evert and Neumann,
2017; Kunilovskaya et al., 2021), register (Re-
delinghuys, 2016; Kunilovskaya and Corpas Pas-
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tor, 2021), translator expertise (De Sutter et al.,
2017; Bizzoni and Lapshinova-Koltunski, 2021),
and mode (written vs. spoken). Extensive research
has also documented recurrent translationese pat-
terns including simplification (Corpas Pastor et al.,
2008), shining-through (Teich, 2003), explicita-
tion (Blum-Kulka, 1986; Baker, 1993), and over-
normalisation (Hansen-Schirra, 2011).

Despite this wealth of descriptive findings, the
field still lacks a principled account that integrates
these factors within a unified explanatory frame-
work. We therefore ask whether translationese can
be understood as a consequence of cognitive con-
straints inherent in the translation task, and whether
an information-theoretic perspective can provide
such a framework.

Building on prior applications of information the-
ory (IT) to language (Shannon, 1948; Levy, 2008),
we adopt the view that linguistic encoding is shaped
by cognitive constraints: speakers select forms that
balance communicative goals against processing
effort (Gibson, 1998; Jaeger, 2010). We extend
this perspective to translation, conceptualising it
as a task in which production choices are similarly
governed by cognitive pressures. Supporting evi-
dence comes from Lim et al. (2024), who show that
IT-based difficulty indicators, comparable to those
used here, correlate with behavioural measures of
translation processing, including production dura-
tion and eye-tracking metrics, in an experimental
setting. Motivated by this work, we ask whether
such indicators can also account for systematic
properties of translated texts. Theoretically, more
complex source texts should yield more deviant
translations, particularly in simultaneous interpret-
ing. Translationese can thus be seen as a rational
trade-off between accuracy and fluency, aimed at
managing cognitive load under the assumption that
producing translationese-marked text may require
less effort. This perspective unifies a range of re-
current deviations (explanatory wordiness, simplifi-
cation, overly literal renderings, or reduced lexical
variety) as cognitively rational strategies rather than
lapses in translation quality.

Given the differences between monolingual and
cross-lingual language processing, any explanation
of translated language must consider the source
language input and the cognitive demands of cross-
linguistic transfer. Early corpus-based research on
translationese, especially following Baker (1993),
focused primarily on target-language output, often
without directly incorporating the corresponding

source text into the analysis. Subsequent work has
increasingly considered the source, although its in-
fluence and the cognitive cost of mapping between
languages have often been examined indirectly, for
example, by comparing translations from multi-
ple source languages into a single target language
(e.g. Evert and Neumann, 2017; Nikolaev et al.,
2020; Hu and Kuebler, 2021). In this work, we
directly connect the presence of translationese in
high-quality professional translations and simul-
taneous interpreting to the difficulty of the trans-
lation task, estimated from aligned source–target
segments.1 We investigate two questions: (1) to
what extent translationese can be explained by task
difficulty, and (2) how much IT measures of dif-
ficulty contribute relative to established structural
features. In doing so, we address a gap in previous
studies, which rarely analyse translationese in re-
lation to the aligned source material, and test the
hypothesis that translationese can be understood
as a cognitive response to variation in translation
difficulty.

The remainder of the paper is organised as fol-
lows. Section 2 presents the methodology, includ-
ing the translatedness score, a measure of trans-
lationese, and representations of translation task
difficulty. Section 3 describes the experimental
setup, covering data, feature handling, and mod-
elling approach. Section 4 reports the results and
discusses their implications, and Section 5 offers
concluding remarks.

2 Methodology

Investigating the link between translation task dif-
ficulty and translationese involves two challenges:
to quantify translationese and to identify relevant
translation task parameters. The next two sections
address these in turn.2

2.1 Translatedness Score

Previous work demonstrated that humans, includ-
ing translation experts, struggle with distinguish-
ing translated and original documents (Baroni and
Bernardini, 2006; Wein, 2023), let alone quantify-
ing translationese in a document. To address this
limitation, we introduce the translatedness score
– a measure that captures the extent to which a

1“Segment” refers to an aligned unit in the parallel corpus,
which may consist of one or more sentences.

2To ensure reproducibility, the code and data
is released at https://github.com/SFB1102/
b7-rational-mediation.
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text exhibits properties of mediated language. This
score is defined as the probability of being a trans-
lation, predicted by a binary classifier trained to
distinguish the text types: translations (targets, tgt)
vs. comparable originals (org) in the target lan-
guage.

A central design requirement is construct va-
lidity: the classifier must meaningfully capture
translatedness. This entails choosing both an ap-
propriate feature set and an appropriate level of
analysis (segment vs. document level). Transla-
tionese indicators should be structural (e.g. mor-
phosyntactic patterns, abstract lexical cues) rather
than surface features to avoid exploiting domain- or
topic-related signals. Character n-grams (Popescu,
2011) or neural embeddings (Borah et al., 2023)
were shown to capture the properties of texts that
are not directly related to translation-specific lin-
guistic patterns.

Translationese emerges more clearly over larger
spans of text. Previous studies employing hand-
engineered features (most notably, part-of-speech
n-grams) have used chunks ranging from 80
to 2000 words in size (Volansky et al., 2015;
Rabinovich and Wintner, 2015). For instance,
for translated English and German parliamentary
speeches, Kunilovskaya et al. (2024) obtained
80.0% and 88.8% accuracy on full speeches of ap-
proximately 700 tokens using a broad set of delexi-
calised structural features. The best result achieved
in Pylypenko et al. (2021) on handcrafted features
(PoS-trigrams) is 76.6% and 73.1% for the same
target languages.

Although segment-level translationese classifi-
cation is challenging due to a weaker signal, it
presents a practical compromise. First, our transla-
tion difficulty indicators are mostly defined at the
segment level, and aggregating them to larger text
spans risks smoothing over differences between
segments. Second, assigning a document-level
translatedness score to each segment is subopti-
mal: it increases the number of observations but
violates the assumption of independence, as all seg-
ments from the same document inherit the same
score regardless of their individual properties. Fi-
nally, our focus lies in quantifying the extent of
translatedness, rather than maximising classifica-
tion accuracy. Preliminary experiments confirmed
these concerns: both document- and segment-level
regression experiments using probability-based
scores from document-level classifiers produced
noisy results. Based on these considerations, we

opted for segment-level classification using the
feature set from Kunilovskaya et al. (2024) with
minor modifications. Their feature set covers
58 linguistically-motivated phenomena, including
grammatical forms, morphological word classes,
clause types, syntactic dependencies, word order
patterns, discourse elements, and textual measures.

Generally, the feature extraction is straightfor-
ward and involves counting the occurrences of
Universal Dependencies (UD) tags of the same
name. For example, the value for nn feature is
obtained by counting tokens marked with the PoS
tag NOUN, and finite and past-tense verb forms fin,
pastv are counted as the number of tokens marked
with the morphological features VerbForm=Fin and
Tense=Past. The features amod, aux, ccomp, nmod,
nsubj and obj are counts of the respective depen-
dency relation tags. Translationese predictors that
require additional extraction rules or filtering and
emerged as useful in our experiments are described
in Table 5 (Appendix A).

Some known translationese predictors are also
informative as indicators of translation task com-
plexity. To ensure the validity of the experimental
setup, three typical translationese features – lexical
density, number of clauses, and mean dependency
distance – are deliberately reserved as predictors
for subsequent regression experiments. Pairwise
collinearity between translationese predictors (mea-
sured on targets) and structural source difficulty
indicators does not exceed Spearman ρ = 0.7. The
initial pool of 55 potential translationese indica-
tors was reduced to 37 after filtering out 18 low-
variance features (see Section 3.3). For a com-
prehensive description and a full rationale behind
the feature set, we refer the reader to the original
study (Kunilovskaya et al., 2024).

2.2 Translation Task Difficulty
Translation task difficulty is conceived as compris-
ing two components: source text comprehension
effort and source-target transfer effort. Each com-
ponent is represented by features that can be cate-
gorised as IT or structural (grammatical and lexi-
cal), depending on their nature.

We begin with the IT features, which provide
a principled way to quantify the processing cost
associated with encoding and transfer effort. The
IT indicators operationalise difficulty by captur-
ing the predictability of linguistic units in context:
more predictable items are easier to process and
may be reduced or omitted (Delogu et al., 2017;
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Category Feature Description

IT src_gpt_AvS Average surprisal of UD tokens in a source segment, derived from dedicated GPT-2
models (English, German).

Grammar

src_tree_depth Maximum dependency tree depth (longest path from root to any leaf), capturing hierar-
chical syntactic complexity.

src_branching Average branching factor (number of dependents per head), capturing horizontal syn-
tactic complexity.

src_mdd Mean dependency distance: linear-to-hierarchical integration effort, reflecting compre-
hension difficulty (Jing and Liu, 2015).

src_n_clauses Number of finite and non-finite clauses per segment, approximated via clausal depen-
dencies csubj, advcl, acl, xcomp, ccomp.

Lexis

src_lex_dens Ratio of unique content words (PoS-disambiguated) to total tokens.
src_wlen Average word length in characters, excluding punctuation.
src_mwe Number of multiword expressions (flat, fixed, compound), excluding numerals and

proper names.
src_numerals Number of numerals, including single-word and multiword expressions.
src_propn Number of proper names, including single-word and multiword expressions.

Table 1: Source-side features used to model source text comprehension difficulty, grouped by feature type.

Rutherford et al., 2017), whereas less predictable
(more surprising) items incur higher cognitive ef-
fort, correlating with longer reading times (Jaeger,
2010; Hao et al., 2020) and neurophysiological
responses (Huber et al., 2024; Michaelov et al.,
2024). These effects are formalised in surprisal the-
ory (Hale, 2001; Levy, 2008), rooted in Shannon’s
notion of information (Shannon, 1948). Within this
framework, the central measure of information is
surprisal, defined as the negative log probability of
a word given its context (Equation 1).

S(w) = −log2(P (w|context)) (1)

Recent work derives these probabilities from
large language models (LLMs), primarily of the
GPT-2-small family, whose estimates correlate best
with experimental measures of processing diffi-
culty (Oh and Schuler, 2023; Shain et al., 2024).

This study uses average segment surprisal
(AvS), computed by averaging word-level sur-
prisals across all Stanza-defined words in a seg-
ment. AvS derived from monolingual GPT-2 mod-
els of the source languages (English or German)
represents source comprehension difficulty and
reflects the predictability of source text words
within the source language. AvS derived from
translation-direction-specific neural machine trans-
lation (NMT) models represents transfer difficulty
and captures the uncertainty associated with source-
to-target mapping. AvS was used in translation
studies to correlate the information content of
source and target segments (Kunilovskaya et al.,
2023), in clinical linguistics to capture both lex-

ical and structural components of sentence infor-
mation (Rezaii et al., 2023) and in text readability
research (Lowder et al., 2018).

Complementing NMT-based surprisal, entropy
of translation solutions captures uncertainty over
translation choices and thus reflects transfer com-
plexity. It quantifies the number and distribution
of alternative target-language realisations avail-
able for a given source item, estimated from large
parallel corpora. This measure has been used
as an indicator of translation difficulty in several
studies (Carl et al., 2016; Teich et al., 2020; Ku-
nilovskaya et al., 2025). Unlike syntagmatic sur-
prisal, which captures predictability within a se-
quence, translation entropy is paradigmatic: it cap-
tures uncertainty among alternative target-language
realisations of the same source item. The entropy
of translation solutions is defined in Equation 2.

H(T | S) = −
∑
t∈T

P (t | S) log2 P (t | S) (2)

Here, H(T | S) denotes the entropy of the set of
translations T for a source item S. The summa-
tion iterates over all possible translation variants
t ∈ T , and P (t | S) is the probability of observing
translation t given the source S. Higher entropy
indicates a larger set of similarly probable trans-
lation options, implying greater cognitive demand
for that source item during source–target transfer.

In addition to IT measures, we model translation
difficulty using established structural indicators
of source-text complexity. Our feature selection
draws on two related strands of previous research.
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First, source-side complexity features used in the
QuEST++ quality estimation framework (Specia
et al., 2018) include type–token ratio (TTR), syn-
tactic tree depth and width, number of clauses, and
related measures. Second, research on cognitive
load in interpreting points to lexical density, for-
mulaicity (frequency of multiword expressions),
subordination, and numerical expressions as po-
tential sources of processing difficulty (Plevoets
and Defrancq, 2020; Kajzer-Wietrzny et al., 2024).
We additionally include mean dependency distance,
which has been associated with cognitive load in
interpreting (Liang et al., 2017) and has also proved
a strong indicator of translationese (Fan and Jiang,
2019). Together, these measures form a set of ten
features intended to capture source-text compre-
hension difficulty (the source subset), presented in
Table 1.

Importantly, the translationese classifiers and re-
gression models rely on non-overlapping feature
sets, derived from the target and source texts, re-
spectively. This separation is critical: if the same
features were used in both steps, the translatedness
score from classifiers (used as the response vari-
able in regression) could inadvertently reflect text
difficulty via a shining-through effect, thus com-
promising the integrity of the experimental design.

Cross-lingual transfer difficulty in this study was
represented by four features (transfer subset): av-
erage target segment surprisal, mean word align-
ment score, entropy of translation solutions per
segment and teacher-forced pseudo-BLEU. They
are described in Table 2. All of transfer features
are LLM-based and/or IT-inspired.

The basic feature set (comprising source-
text difficulty and transfer difficulty indi-
cators) was extended with eight modified
variants. The modifications included (i)
AvS versions averaged over content words
only (src_gpt_AvS_content, mt_AvS_content,
mean_align_content, tot_entropy_content), (ii)
AvS versions averaged over LLM subwords instead
of UD-defined surface tokens (src_gpt_AvS_subw,
mt_AvS_subw) and (iii) versions computed over
syntactic subtrees rather than individual words,
namely subtree-based alignment (cosine similarity
between aligned trees; mean_cosine) and entropy
over trees (tot_entropy_trees). Subtrees were
extracted using UD tags (id and head_id), limiting
the depths of possible subtrees to 1. Taken
together, the 22 indicators capture complementary
dimensions of translation task difficulty that may

shape translation decisions. The alphabetical list
appears in Table 9 (Appendix B).

The general expectation is that greater difficulty
increases cognitive load, under which translators
prioritise content preservation over target-language
naturalness, resulting in higher translatedness of
the output. Accordingly, we expect a positive
association with translatedness for features sig-
nalling structural and lexical complexity of the
source (src_gpt_AvS, src_branching, src_lex_dens,
src_mdd, src_wlen, src_n_clauses, src_tree_depth),
translation ambiguity (tot_entropy) and cross-
lingual predictability as reflected in MT surprisal
(mt_AvS). Features associated with processing
ease or the availability of stereotypical, struc-
turally isomorphic solutions – such as formulaicity
(src_mwe), alignment strength (mean_align), and
higher MT performance (bleu) – are expected to
correlate negatively with translatedness. Two ad-
ditional indicators, numerals (src_numerals) and
proper names (src_propn), are included as poten-
tially relevant predictors, although their effect di-
rection is less clear.

The experiments used LLM-based features from
base and fine-tuned models. Fine-tuning was per-
formed on 120k non-overlapping segments from
the EPIC–EuroParl–UdS corpus. According to the
corpus curators (Kunilovskaya and Pollkläsener,
2026), fine-tuning was thorough and robust, en-
suring reliable surprisal estimates. Despite this,
downstream regression gains from the fine-tuned
models were limited and inconsistent across set-
tings (see Figure 7, Appendix B); therefore, all
results reported in this study use the base models.

3 Experimental Setup

3.1 Data

The data come from EPIC-EuroParl-UdS4, a bidi-
rectional English–German corpus containing writ-
ten translations and simultaneous interpretations of
European Parliament debates (Kunilovskaya and
Pollkläsener, 2026). Both components originate
from official European Parliament records. The
written data are based on the officially published
proceedings and their translations, while the spo-
ken data consist of manual transcriptions of official
video recordings of parliamentary debates and their
simultaneous interpretations.

4The data used in this study are publicly available as
provided by the original authors: https://zenodo.org/
records/19010272.
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Feature Description

mt_AvS Average target segment surprisal: mean surprisal of UD tokens in a target segment derived from
NMT models, conditioned on the full source segment and preceding target context. Higher values
indicate less predictable source-target mappings and increased transfer difficulty, hypothesised to trigger
translationese.

mean_align Mean word alignment score: computed using contextualised token representations from bert-base-
multilingual-cased. Subword alignment is based on dot-product attention (layer 8) with bidirectional
softmax filtering (10−2), following AWESoME (Dou and Neubig, 2021). Segment-level averages over
aligned word pairs; higher scores indicate stronger alignment and lower transfer difficulty.

tot_entropy Entropy of translation solutions per segment: captures uncertainty in translating source lemmas. Entropy
is computed on lemmas (not surface tokens) to account for morphological variation. Translation solution
sets use word alignments from both training and test splits of EPIC–EuroParl–UdS. Missing values for
unaligned words and singletons are replaced with the subcorpus median plus two standard deviations.
Higher entropy signals less consistent translation patterns and greater cross-lingual transfer difficulty.

bleu Teacher-forced pseudo-BLEU3: segment-level BLEU between reference targets and token-wise argmax
predictions under gold prefixes, computed with sacrebleu. Higher scores indicate more predictable
target realisations and lower transfer difficulty.

Table 2: Transfer features used to model cross-lingual transfer difficulty.

The corpus is aligned at document and segment
levels and balanced across translation directions
and modes. It contains UD annotation and word-
level surprisal indices from GPT-25, and OPUS
NMT de-en and en-de models (Tiedemann and
Thottingal, 2020).

Table 3 summarises the quantitative parameters
of the eight text categories by mode (written vs.
spoken), language pair (deen, ende), and text type
(original/source vs. target).

mode lpair type words segs docs

spoken
deen src, org 62,900 3,060 165tgt 60,408 2,896

ende src, org 69,801 3,260 137tgt 60,590 3,092

written
deen src, org 77,225 3,211 170tgt 85,380 3,216

ende src, org 76,061 3,063 170tgt 76,588 3,063

Table 3: Quantitative parameters of the textual data by
mode, language pair (lpair) and text type.

Average segment length ranges from 25.5 to 27.8
words for written data and 19.5 to 21.4 words for
spoken data, with standard deviations of approxi-
mately 15 and 13 words, respectively. Segments
shorter than 4 tokens were filtered out.

3.2 Feature Preprocessing
Classification and regression features went through
the same data preprocessing pipeline. Follow-

5English (Radford et al., 2019), German (Schweter, 2020)

ing (Evert and Neumann, 2017), morphological
and lexical raw counts and per-word/subtree align-
ment scores are normalised by segment word
count; syntactic and continuous features (mdd, mhd,
lex_dens, ttr) are averaged across sentences. To
enhance comparability and reduce the influence of
outliers, highly right-skewed features were trans-
formed using log(1 + x) function, which com-
presses long tails and makes distributions more
symmetric. Skewness was measured using Fisher’s
moment coefficient (adjusted for sample size), with
a threshold of 1.0 used to identify features requiring
transformation.

3.3 Machine Learning Models

Translationese classifiers and subsequent regres-
sions were run in the same experimental setup. The
machine learning (ML) models were trained sep-
arately for each language (de = German, en = En-
glish) and mode under a 10-fold cross-validation
setup. We used a linear Support Vector Machine
(SVM) with default scikit-learn parameters (ker-
nel=‘linear’, C=1.0). To prevent data leakage,
segment-level experiments employed GroupKFold,
ensuring that all segments from the same document
were assigned to the same split, either training or
test. Classifiers’ performance was evaluated using
macro-F1 (precision and recall are well-balanced in
all experiments). For regression, we report Spear-
man correlation coefficient (ρ) between predicted
scores and true translatedness score, the measure
of regression fit (R2) and Mean Absolute Error
(MAE).
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Many of the count-based features are suscepti-
ble to low variance, particularly at the segment
level, making them noisy and uninformative for
ML algorithms. Consequently, we filtered out the
18 lowest-variance features shared across all mode-
language datasets. This global decision reduced
models’ complexity and fixed the input dimension-
ality at 37 features across classifiers, facilitating
direct comparison of their performance. None of
the difficulty features had low variance.

Additionally, separately for each mode and target
language, we eliminated collinear features (Pear-
son’s r > 0.85), retaining the feature with the higher
univariate F1 score to preserve non-redundant sig-
nal. All features were independently scaled to zero
mean and unit standard deviation.

Feature selection was performed using cross-
validated Recursive Feature Elimination (RFECV)
from scikit-learn (folds=10), which selects features
iteratively within each fold. A minimum of two fea-
tures was enforced. The reported performance after
feature selection should be interpreted as conserva-
tive, as RFECV favours stable individual predictors
and does not capture potential joint effects among
weaker features.

To interpret feature contributions in the final
classification and regression models, we employed
SHapley Additive exPlanations (SHAP) (Lundberg
and Lee, 2017), a unified framework based on Shap-
ley values from cooperative game theory, which
quantifies the average marginal contribution of
each feature to the model’s predictions across all
possible feature coalitions.

4 Results

4.1 Translationese Classification

Table 4 reports macro-F1 scores averaged across
folds for the four segment-level classification tasks
(with standard deviations), alongside document-
level results for comparison.

The performance of the segment-level classi-
fiers is relatively low, with F1 scores around 60%,
only 10 percentage points above the random base-
line for a balanced binary task. The lower perfor-
mance compared to document-level classification
(F1 scores between 74% and 84%) is expected,
given the weaker translationese signal in shorter
text spans. The signal is further reduced by exclud-
ing lexical density and two syntactic complexity
indicators from the translationese feature set.

Nevertheless, our goal is not to maximise classi-

mode support lang F1±SD selected

segment-level

written 6,274 de 60.85±2.61 13
6,279 en 55.74±2.94 33

spoken 6,152 de 60.44±1.62 34
6,156 en 59.50±3.49 12

document-level

written 340 de 82.27±6.34 21
en 74.29±5.89 18

spoken 302 de 84.02±5.91 27
en 76.30±6.91 26

Table 4: Performance of segment- and document-level
SVM classifiers. Selected reflects the final feature subset
after collinearity removal and RFECV (out of 37).

fication accuracy, but to capture graded variation in
translatedness using theoretically motivated struc-
tural features. We argue that the classifier’s proba-
bility for the translated class provides such a gradi-
ent: even when a translation is classified as original,
a lower translatedness score can meaningfully indi-
cate a weaker translationese signal. For compari-
son, we additionally tested embedding-based clas-
sifiers (DeBERTa and DistilBERT variants), which
achieve over 96% document-level accuracy. While
expected, such high performance is not necessarily
advantageous for our purposes: embedding-based
models may exploit signals not directly related to
translationese (Borah et al., 2023), and highly con-
fident predictions reduce the variation in translated-
ness scores that constitutes our response variable.
Our structural classifiers instead capture a weaker
but interpretable signal under conditions explic-
itly designed to avoid information leakage. In our
experiments, the resulting probabilities are approx-
imately normally distributed, with a subtle shift
to the right of the 0.5 threshold, reflecting more
salient or uniform patterns in mediated language
(Figure 6, Appendix B). These patterns are consis-
tent with previous findings of higher predictability
of simultaneous interpreting transcripts and greater
detectability of mediated German compared to En-
glish (Evert and Neumann, 2017).

We analyse deviation patterns using feature im-
portances. Feature-level patterns are more reli-
able at the document level, as segment-level sig-
nals are weakened and distorted; this is visible
in Figure 3, where SHAP profiles reveal differ-
ent feature strength and groupings across represen-
tations. The results further suggest that transla-
tionese is captured primarily by feature combina-
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tions rather than strongly deviant individual cues.
Only a few features show notable univariate per-
formance, especially in written data (Table 6, Ap-
pendix A). As shown in Figure 5, features without
statistically significant class differences can still
contribute to predictions; for example, lower fre-
quencies of personal pronouns (ppron) favour the
target class in spoken English (subplot d), despite
the non-significant difference in Table 6.

4.2 Regression Results and Discussion

This section tests whether translation task difficulty
predicts translatedness score from the classifiers
and compares the explanatory power of two diffi-
culty components (source comprehension vs. cross-
lingual transfer) and two types of indicators (IT vs.
structural).

(a) Source-based and transfer-specific predictors.

(b) Structural and information-theoretic predictors.

Figure 1: Variance in translatedness explained by linear
regression models across language pairs and mediation
modes. The two panels compare difficulty components
and indicator types on the x-axis.

For ease of interpretation, R2 values are visu-
alised in Figure 1, while the full tabular results are
provided in Appendix B (Tables 7 and 8). The re-
gression results show that translation task difficulty
explains a modest but consistent share of the vari-
ance in translatedness scores, with clear differences
by direction and mode. Overall, the models account
for between 6% and 21% of the variance. The ex-
planatory power is highest for English→German
direction, particularly in the written mode, where
the combined model reaches R2 = 0.21. In con-
trast, the models explain considerably less variance
for German→English, where the best-performing

models in both written and spoken modes reach
only R2 = 0.10, with smaller differences between
the modes.

Across all settings, the combined
source+transfer models consistently outper-
form models based on a single difficulty type,
indicating that comprehension-related and transfer-
related factors capture complementary aspects
of translation task difficulty. Transfer features
tend to be more predictive of translationese
than source complexity in written mode, but
this edge disappears in interpreting, where the
difficulty components are on par in both translation
directions (Figure 1a).

With regard to the type of difficulty indi-
cators (Figure 1b, Table 8), the two feature
types (IT vs. structural) perform comparably
in German→English written translation (R2 =
0.06). For English→German translation, IT fea-
tures clearly outperform structural alternatives
(R2 = 0.17 vs. 0.13). In spoken mode, however,
structural features yield substantially stronger re-
sults in both translation directions.

Figure 2: Univariate analysis: Spearman correlation
between translation difficulty indicators and translat-
edness score. Source text difficulty indicators (src_)
appear first. Features expected to correlate negatively
with translatedness are shown in bold, and IT features
are in red on the y-axis. The bars for non-significant ρ
values are removed.

An unexpected finding emerged in the analysis
of the directionality of individual feature contri-
butions. Figure 2 shows Spearman correlations
between translation-difficulty features and translat-
edness for written (blue bars) and spoken (empty
bars) data in both translation directions, reveal-
ing marked cross-modal asymmetries. For sev-
eral features, written and spoken data show op-
posite tendencies: notably, src_branching and
src_tree_depth correlate positively with translated-
ness in written tasks but negatively in spoken tasks
across both language pairs. One possible explana-
tion is that written translation allows greater preser-
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vation of source structure, so increasing source
complexity may produce stronger source-language
interference and hence more translationese. Under
the time constraints of simultaneous interpreting,
however, greater source complexity makes close
structural reproduction increasingly difficult. In-
cremental processing may instead promote sim-
plification and reformulation in target-language-
preferred forms, resulting, paradoxically, in less
translationese as source complexity increases.

This interpretation, however, requires some qual-
ification with respect to translation direction. In
German-to-English interpreting, structural source
features remain more influential than information-
theoretic features (see the taller transparent “spo-
ken” bar in Figure 1b), suggesting that the struc-
tural properties of spoken German may still impose
substantial processing demands. Indeed, although
spoken source texts are structurally simpler than
written ones in both languages, the difference is
systematically smaller for German; German source
texts also show greater complexity than English
on mean dependency distance and word length
(src_mdd and src_wlen in Table 9, compare
written_deen|mean with written_ende|mean
and spoken_deen|mean with spoke_ende|mean).
Source structure may therefore remain more con-
sequential when interpreting from German, whose
spoken input retains more written-like structural
complexity. Whether this reflects the style of
German parliamentary speech or broader cross-
linguistic structural differences remains an open
question.

These findings are further supported by the
SHAP importance rankings and granular statistical
analysis provided in Figures 8 and 10 Appendix B.

The heatmap in Figure 8 shows that IT indi-
cators of transfer difficulty, notably mt_AvS and
translation solution entropy, are the strongest
predictors of translationese, particularly in the
English→German direction. In contrast, the lighter
colour intensity for the German→English direction
indicates a weaker association between translation
task difficulty and translationese, consistent with
the generally lower intensity of translationese in
this direction.

5 Conclusion

This study examined translationese as a linguistic
marker of cognitive processes involved in human
translation and interpreting. By linking measures

of translation task difficulty to the degree of trans-
latedness in the target text, we explored whether
systematic deviations in mediated language can be
explained by the complexity of the translation task.

The results show that translation difficulty ac-
counts for a measurable but limited share of varia-
tion in translationese. Regression analyses explain
up to 21% of the variance in translatedness scores,
with the relationship strongest in written transla-
tion and particularly in the English→German di-
rection. Cross-lingual transfer indicators generally
provide stronger explanatory signals than source-
comprehension measures, suggesting that transfer
difficulty contributes to translationese but cannot
provide a comprehensive account of it.

The relationship also differs across mediation
modes. Increasing source complexity tends to cor-
relate with more translationese in written output
but, for several structural features, with less trans-
lationese in interpreting, possibly reflecting greater
simplification and target-oriented reformulation
under time constraints. This pattern is direction-
dependent, with source structure remaining com-
paratively influential in German→English inter-
preting. These exploratory findings point to differ-
ent responses to translation difficulty across modes
and languages.

Importantly, information-theoretic measures do
not consistently outperform traditional structural in-
dicators and have particularly limited explanatory
power for spoken data. Thus, under the present
operationalisation, surprisal- and entropy-based
metrics appear too coarse to support a unified
information-theoretic account of translationese. In-
stead, our results delimit its empirical scope: cog-
nitive difficulty contributes to translationese, but
its explanatory power depends on modality, trans-
lation direction, and its operationalisation.

More broadly, by relating gradient translatedness
to difficulty estimated from aligned source–target
data, this study provides a direct empirical test of
cognitive explanations of translationese and quanti-
fies their explanatory limits. The results motivate
more targeted models that distinguish sources of
difficulty and the strategies translators and inter-
preters use to manage them.

Limitations

Several limitations should be considered when in-
terpreting the results. First, the outcomes depend
on the chosen feature set. Linguistic feature extrac-
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tion is inherently fragile and sensitive to preprocess-
ing decisions, annotation errors, and normalisation
choices. Many frequency-based features are also
sensitive to sample length, which may affect their
stability across segment and document representa-
tions.

Second, latent structural dependencies between
source and target features may introduce a degree
of indirect information leakage, potentially con-
founding the observed effects of source compre-
hension on translationese.

Third, the analysis does not explicitly model in-
dividual speaker effects. Especially in spoken data,
stylistic variation between speakers may influence
feature distributions and interact with mediation-
related patterns. Future work should therefore
account for speaker identity and other individual-
level variables.

Fourth, the results are derived from a specific cor-
pus and set of language pairs. While the observed
patterns are consistent within this dataset, their gen-
eralisability to other domains, genres, or language
combinations remains to be tested. Although the
analysis suggests systematic differences between
written and spoken mediation, these patterns may
also reflect differences in topics, communicative
conditions and document length across spoken and
written subcorpora, although they come from the
same global source.

Finally, this study does not attempt a detailed
linguistic analysis of the individual predictors and
their interactions. Although the modelling results
reveal systematic patterns in the feature space, a
closer examination of how specific linguistic cues
contribute to these patterns would provide addi-
tional explanatory depth. Conducting such analysis
is left for future work.

We do not foresee direct negative societal im-
pacts from this study. Nevertheless, metrics of
translation difficulty or predictability could be mis-
applied in evaluative settings (e.g., assessing trans-
lators or systems) if treated as definitive indicators
rather than exploratory analytical tools.
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A Appendix. Additional Details on Segment-Level Translationese

This appendix provides details on features and their performance, beginning with a description of some
complex predictors. We then look into feature impact through SHAP-based importance rankings and
class-prediction contributions, and directional frequency comparisons, complemented with univariate
discriminative performance and statistical analysis of differences.

Feature Description

advmod Adverbial modifiers per sentence, excluding negatives. Count of advmod dependency relations for
tokens where morphological features do not contain =Neg.

mean_sent_wc Mean sentence length. Count of UD tokens per sentence.
mhd Mean hierarchical distance. Average length of paths from the root to all nodes along the dependency

edges (Jing and Liu, 2015).
nnargs Ratio of nouns, inc. proper names, as core verb arguments to the total of arguments. Count of tokens

tagged as NOUN or PROPN to tokens tagged nsubj, obj, or iobj.
relcl Relative clauses. Count of relative clauses in declarative sentences based on language-specific cues. For

English, count of pronouns such as which, that, whose, whom, what, who tagged as pronouns with head
relation acl:relcl. For German, count of pronouns like der, welch, was, wer, or pronouns containing wo
with feature PronType=Int,Rel occurring near commas (up to 3 tokens away).

epist Discourse markers of epistemic stance. Count of total occurrences of items from pre-defined language-
specific lists (64 items for English, 74 for German, e.g., at least, perhaps, angeblich, kein Zweifel).

mpred Modal predicates, including modal adjectives in predicative function (e.g., likely, obvious, supposed,
klar, unbedingt, möglich). For English, count of modal auxiliaries (PoS tag MD) excluding will and
shall, including non-AUX have followed by nearby infinitive verbs, ignoring causatives, plus modal
adjectives with AUX dependents. For German, count of core modal verbs (dürfen, können, mögen,
müssen, sollen, wollen) and modal adjectives in predicative function.

ppron Personal pronouns. Count of personal pronouns in a segment, filtered by language-specific pronoun lists
and morphological features: PRON with Person= feature, excluding possessive pronouns (Poss=Yes).

Table 5: Examples of useful translationese predictors requiring less-trivial extraction rules and/or filtering.

(a) Segment-level features. (b) Document-level features.

Figure 3: Segment vs. document feature importances: Average absolute SHAP values for translationese predictors
by mode and target language on a shared scale. Darker shades indicate higher feature importance; blank cells
indicate that a feature was not selected for the given task. Features are grouped by selection overlap: the top block
shows predictors selected by all four classifiers, followed by predictors shared by mode (written, spoken) and by
target language (German, English). Segment-level analysis dilutes feature importance and obscures patterns that
are clearer at the document level. The grouping sizes further suggest that mode yields more consistent deviation
patterns than translation direction.
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# feature
written_de written_en spoken_de spoken_en

tgt→org F1_svm tgt→org F1_svm tgt→org F1_svm tgt→org F1_svm

1 acl ↗ 58.9 – 45.1 – 51.1 ↘ 62.2
2 advcl ↗ 55.1 – 49.8 – 46.5 ↘ 61.2
3 advmod ↘ 65.5 ↗ 59.1 – – ↘ 56.4
4 advmod_verb – 52.1 – 39.6 – 44.1 – 56.1
5 amod ↗ 56.0 – 48.7 ↘ 71.3 ↘ 53.5
6 appos ↘ 52.7 ↗ 47.9 ↘ 66.5 – 42.3
7 aux – 40.6 ↘ 53.1 ↘ 57.0 – –
8 aux:pass ↗ 58.2 ↘ 54.2 – 45.5 – 38.6
9 case ↗ 63.7 – 46.5 ↘ 68.3 ↘ 66.0
10 ccomp ↗ 55.1 – 43.2 – 44.1 ↘ 58.0
11 conj – 50.6 ↗ 55.7 ↘ 70.5 ↘ 59.9
12 cop – 49.7 ↗ 52.3 – 51.8 – 50.2
13 epist – 43.9 ↗ 51.5 ↗ 56.6 ↘ 56.2
14 fin ↗ 60.5 – 52.9 – 54.0 ↘ 62.1
15 inf – 47.7 – 47.7 ↘ 55.7 ↘ 58.5
16 mark – 58.3 – 54.1 – 50.7 ↘ 57.9
17 mean_sent_wc ↗ 59.5 ↗ 51.6 ↘ 68.0 ↘ 66.9
18 mhd ↗ 63.8 – 42.4 ↘ 65.8 ↘ 63.5
19 mpred – 39.1 ↗ 54.4 – – – 48.3
20 negs – 41.6 – 49.2 ↘ 54.4 – 44.0
21 nmod ↗ 61.0 – – ↘ 67.8 ↘ 58.2
22 nn ↗ 61.0 ↘ 54.2 ↘ 64.8 ↘ 54.0
23 nnargs ↗ 55.6 – 50.7 ↘ 67.4 ↘ 55.8
24 nsubj ↗ 58.9 – 46.9 – 55.1 ↘ 60.6
25 nummod – 50.5 – – ↗ 44.7 ↘ 54.1
26 obj ↗ 58.4 – 46.5 – 52.5 ↘ 68.7
27 obl ↗ 58.4 ↗ 54.5 ↘ 67.0 ↘ 62.8
28 obl_obj – 50.1 – 48.5 – 50.1 ↘ 59.6
29 parataxis ↘ 55.9 ↗ 53.3 – 50.0 – –
30 pastv ↗ 63.0 – 49.5 ↗ 60.6 ↘ 64.0
31 ppron – 41.2 ↘ 52.5 ↗ 62.3 – 52.8
32 prep ↗ 57.8 – 48.7 ↘ 64.4 ↘ 54.0
33 relcl ↗ 52.1 – 52.4 – 47.0 ↘ 62.9
34 ttr ↗ 60.3 – 53.5 ↗ 50.0 – 42.5
35 vo_noun – 50.4 – 44.7 – 50.4 ↘ 60.9
36 vorfeld ↘ 50.4 – 52.1 ↘ 55.1 ↘ 54.0
37 xcomp – – – 48.7 ↗ 51.7 – 42.0

Table 6: Document-level frequency comparison between targets and originals and macro F1 scores for single-
feature classifiers. ‘–’ indicates either no statistically significant difference (p > 0.05) between classes or cases
where a single-feature classifier produced no predictions for one class in at least one fold, rendering the metric
undefined. Arrows (↗, ↘) denote significantly higher or lower average feature frequency in target texts. Three
features exhibiting statistically significant class differences for all directions and modes are highlighted. Univariate
performances with F1 scores > 65 are in bold. Features are sorted alphabetically.
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(a) Written DE (b) Written EN

(c) Spoken DE (d) Spoken EN

Figure 5: SHAP beeswarm plots for document-level translationese classifications, showing selected features
contributions to class predictions, sorted by importance for each mode-language combination. Rows correspond to
mediation mode (written vs. spoken), columns to target language (German vs. English). Each point corresponds
to an individual segment; colour scale from red (high) to blue (low) encodes the feature value, while horizontal
position reflects the SHAP value (in the log-odds scale), i.e. the impact of that feature on the model output.
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B Appendix. Regression Details

This addentix contains illustrations and supporting
evidence for the claims in the main text with regard
to regression analysis.

Figure 6: Probability of being a translation (translated-
ness score) for target segments from the four segment-
level translationese classifiers.

lpair mode approach ρ R2 MAE selected/input

deen

written
source 0.27 0.06 0.07 8 / 11
transfer 0.29 0.07 0.07 6 / 8
source+transfer 0.34 0.10 0.06 18 / 19

spoken
source 0.25 0.06 0.08 6 / 12
transfer 0.23 0.06 0.08 8 / 9
source+transfer 0.30 0.10 0.08 21 / 21

ende

written
source 0.36 0.12 0.10 11 / 11
transfer 0.44 0.18 0.09 8 / 8
source+transfer 0.47 0.21 0.09 19 / 19

spoken
source 0.34 0.11 0.09 8 / 11
transfer 0.35 0.11 0.09 6 / 9
source+transfer 0.40 0.16 0.08 20 / 20

Table 7: Difficulty dimension-based analysis: Results
of linear SVM regression for features capturing source
comprehension vs. transfer difficulty as well as com-
bined models’ results. Metrics include trend, fit, and
error, alongside the count of features selected for the
final model.

lpair mode approach ρ R2 MAE selected/input

deen

written
structure 0.28 0.06 0.07 11 / 13
IT 0.28 0.06 0.07 6 / 6

spoken
structure 0.28 0.08 0.08 6 / 13
IT 0.22 0.05 0.08 7 / 8

ende

written
structure 0.37 0.13 0.10 12 / 13
IT 0.42 0.17 0.10 6 / 6

spoken
structure 0.36 0.13 0.08 13 / 13
IT 0.28 0.07 0.09 5 / 7

Table 8: Analysis by feature category: Results of
linear SVM regression for difficulty features grouped
by their type (IT vs structural features). In addition to
performance metrics, the number of RFECV-selected
features, relative to the total post-filter input is reported.
The combined models’ performance is the same as in
Table 7.

Figure 7: LLM adaptation effect on the regression out-
comes, calculated as direction-aligned δ ρ (Spearman,
ft - base). The bars represent how much the values of
LLM-dependent features in Table 9 (and potentially in
Table 7) would increase or decrease, if we used fine-
tuned models.

Figure 8: Regression feature importances: Average
absolute SHAP values for each translation task dif-
ficulty feature across mode-direction combinations.
Darker shades indicate higher feature importance, blank
cells indicate no contribution in that regression task.
Information-theoretical indicators are in red. Features
are ordered by the number of experiments in which they
were selected, then alphabetically.
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# Feature
written_deen written_ende spoken_deen spoken_ende

mean xy_corr mean xy_corr mean xy_corr mean xy_corr

1 bleu 25.87 – 21.71 0.10 14.47 – 12.85 -0.10
2 mean_align 0.84 – 0.83 0.05 0.72 – 0.72 -0.13
3 mean_align_cont. 0.83 -0.04 0.83 -0.05 0.70 – 0.70 -0.07
4 mean_cosine 0.80 -0.04 0.79 – 0.76 0.05 0.75 -0.12
5 mt_AvS 10.99 -0.06 12.59 0.23 12.02 – 12.10 -0.18
6 mt_AvS_content 11.82 -0.10 16.07 0.24 12.42 – 15.11 -0.13
7 mt_AvS_subw 10.41 -0.11 11.08 0.27 10.94 -0.04 10.89 -0.18
8 src_branching 1.63 0.23 2.27 0.24 1.55 -0.15 1.89 -0.22
9 src_gpt_AvS 6.57 -0.10 6.26 -0.04 7.34 0.10 6.74 –
10 src_gpt_AvS_cont. 8.77 -0.11 8.47 – 9.19 0.07 8.26 –
11 src_gpt_AvS_subw 5.91 -0.08 6.00 -0.07 6.60 0.09 6.36 –
12 src_lex_dens 0.41 – 0.41 – 0.42 – 0.39 -0.15
13 src_mdd 3.87 0.17 3.20 0.19 3.40 -0.14 2.92 -0.12
14 src_mwe 0.00 0.04 0.02 0.15 0.01 -0.12 0.02 -0.15
15 src_n_clauses 2.03 0.06 2.40 0.25 1.82 -0.13 2.08 –
16 src_numerals 0.01 – 0.01 0.08 0.00 – 0.01 –
17 src_propn 0.02 0.11 0.03 0.13 0.02 -0.04 0.03 -0.16
18 src_tree_depth 5.24 0.10 5.93 0.33 4.59 -0.19 5.18 -0.16
19 src_wlen 5.92 -0.08 4.76 0.10 5.85 – 4.56 -0.23
20 tot_entropy 51.95 0.22 65.14 0.32 41.00 -0.19 50.25 -0.18
21 tot_ent_content 22.99 0.23 33.57 0.30 18.40 -0.17 25.31 -0.21
22 tot_ent_trees 15.32 0.12 19.24 0.35 10.67 -0.20 12.33 -0.25

Table 9: Results of univariate analysis of difficulty indicators, sorted alphabetically. mean denotes the average
feature value; xy_corr represents the Spearman correlation between the feature and the translatedness score.
Correlations with an absolute value > 0.20 are bolded to highlight primary predictors. Dash (–) indicate non-
significant correlations (p > 0.05).
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(a) Written DE-EN (b) Written EN-DE

(c) Spoken DE-EN (d) Spoken EN-DE

Figure 10: SHAP beeswarm plots for regression, showing the impact of selected features on the predicted trans-
latedness scores. Features are sorted by mean absolute SHAP value, indicating their relative contribution to the
deviation from the model’s base value for each mode-language combination. Rows correspond to mediation mode
(written vs. spoken), columns to target language (German vs. English). Each point corresponds to an individual
segment; colour scale from red (high) to blue (low) encodes the feature value, while horizontal position reflects the
SHAP value (in the log-odds scale), i.e. the impact of that feature on the model output.
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