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Abstract

This study explores the influence of two
prompting strategies on the lexical and
syntactic metrics of the large language
model-based (LLM-based) machine trans-
lations (MTs) of a corpus of 18 British ed-
itorials into French as well as their impact
on the edit types made by Master’s transla-
tion students post-editing (PE) from a rep-
resentative editorial of the corpus, as eval-
uated using the machine translation post-
editing annotation system (MTPEAS) tax-
onomy. Quantitatively, the prompt specif-
ically requesting more syntactic and lex-
ical variety leads to significantly higher
syntactic and lexical metrics scores in
the MTs, but differences remain signifi-
cant only for lexical metrics in the post-
edited versions of the representative edito-
rial. Qualitatively, we show that students
post-editing from an MT featuring more
idiomatic rephrasings and fewer syntactic
calques (as opposed to an MT that is struc-
turally closer to the source text) seem to
make fewer edits overall, leave more MT
errors unaddressed, and make fewer suc-
cessful edits.

1 Introduction

The translation performance of large language
models (LLMs) has increased tremendously in the
last few years, especially in high-resource lan-
guage pairs (Kocmi et al., 2024; Kocmi et al.,
2025). However, despite improvements in ac-
curacy and fluency (Alvarez-Vidal et al., 2025),
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non-English LLM-based MT outputs (MTs gen-
erated using an LLM) may often sound robotic
or unnatural (Chen et al., 2024; Kunilovskaya et
al., 2024; Kocmi et al., 2025), a phenomenon
known as “translationese” (Gellerstam, 1986). Re-
lated effects had previously been shown in neural
MT, which can result in decreased lexical variety
as well as higher syntactic equivalence with the
source text (Hansen and Esperança-Rodier, 2022;
Loock, 2018; Toral, 2019; Vanmassenhove et al.,
2019; Vanmassenhove et al., 2021). The latter
two results have also been observed in PE in the
form of “post-editese”, but results are less clear-
cut in that modality, with cases of conflicting re-
sults, sometimes even in a same study (Castilho
et al., 2019; Castilho and Resende, 2022; Daems
et al., 2017; Farrell, 2023a; Toral, 2019; Volkart
et al., 2022; Volkart and Bouillon, 2023; Volkart
and Bouillon, 2024). Also, since priming from
the MT output seems to occur in PE (Bangalore et
al., 2015; Green et al., 2013), structures from the
source text are ultimately more likely to be mir-
rored in target post-edited texts. When it comes to
translation students in particular, previous research
has revealed several interesting trends. Volkart et
al. (2022) found that students leave around half the
MT mistakes unaddressed while post-editing and
that when they are not forced to consult the source
text first, they almost do monolingual PE in-
stead of bilingual PE, disregarding the source text.
More recently, Schumacher (2025) also showed
that texts post-edited by students had lower lexi-
cal variety and higher syntactic equivalence with
the source text than those translated from scratch –
hinting at post-editese –, while lexical density and
average sentence length did not differ significantly.

As the use of MT, PE, and artifical intelligence
(AI) is rapidly growing in the language industry



(ELIS, 2026), researchers have looked into means
of increasing naturalness as well as lexical and
syntactic variety in outputs from pipelines relying
on LLMs, such as LLM-based MT and automatic
PE methods (Chen et al., 2024; Li et al., 2025;
Scourneau, 2025). That research avenue is gaining
momentum as it is increasingly seen as a means to
avoid target language impoverishment at a larger
scale (Farrell, 2018; Volkart and Bouillon, 2024).

However, it is not clear how PE lexical and syn-
tactic variety and the type of edits made by post-
editors are influenced by the level of lexical va-
riety in the MT and that of syntactic equivalence
between the source text and the MT underlying
the PE process. In this case study, we aim to
gain insight into those questions. To that end,
we gathered 18 editorials from online British na-
tional newspapers. Two LLM-based MTs (GPT-
5.0) into French were then generated for each edi-
torial using a straightforward prompt and a prompt
designed to counteract MT artifacts, i.e. reduced
lexical variety and higher syntactic equivalence.
The effectiveness of the prompts in doing so was
assessed with a series of lexical and syntactic met-
rics. As we could only have one editorial post-
edited by the students due to class organization
constraints, we selected the most representative ac-
cording to a series of linguistic metrics computed
on the source editorials. Twelve Master’s students
in translation were randomly assigned one of the
two machine-translated versions of the selected ed-
itorial and asked to post-edit it. As a final step, the
post-edited versions were evaluated qualitatively
and quantitatively, using the MTPEAS taxonomy
(Bodart et al., 2024) and linguistic metrics of lexi-
cal variety and syntactic equivalence.

2 Methodology

In this section, we describe 2.1) how the source
corpus was compiled and how the editorial to be
post-edited was selected; 2.2) the GPT version and
the prompts used for the MT step as well as the
PE setting; 2.3) the metrics and statistical testing
methods employed for the quantitative assessment
of the MTs and post-edited versions; and 2.4) the
setting and the taxonomy used for the qualitative
assessment of the post-edited editorials.

2.1 Source corpus and source text selection

We created a small corpus of 18 editorials pub-
lished in British national newspapers (six from

each of The Guardian, The Telegraph, and The In-
dependent), from which we selected the most rep-
resentative editorial to be post-edited by the stu-
dents. We chose editorials published between mid-
July and mid-September 2025 in order to avoid any
training of the GPT model on the texts. The ed-
itorials were selected based on both their length
(± 400–700 words) and their topic, i.e. recent
geopolitical events or discussions, avoiding UK-
specific events. This was to ensure the student
post-editors would both manage to post-edit the at-
tributed editorial during a two-hour class and have
at least general knowledge of the matter at hand.
Editorials are especially interesting to investigate
as part of a study examining lexical diversity and
syntactic equivalence, since they are not purely
informative as opposed to news pieces (Poibeau,
2022) and are considered to allow more freedom
in the writing style (Marques and Mont’Alverne,
2021).

The English editorials were left untouched,
apart from the removal of “The Guardian view on”
in editorials from The Guardian so as not to skew
lexical metrics. They were saved in UTF-8 .txt for-
mat after punctuation was standardised across all
texts.

For each editorial, we then computed the word
count, the lexical density, the TTR, and the
MATTR-50 (Covington and McFall, 2010) using
the Python SpaCy library1, as well as the mean
sentence length, the syntactic simplicity, and the
sentence syntax similarity using Coh-Metrix (Mc-
Namara et al., 2014). In order to select the most
representative editorial in the corpus, we com-
puted the Mahalanobis distance for the 18 edito-
rials based on the linguistic measures above. Since
some measures (e.g. TTR and MATTR-50) are
correlated, the Mahalanobis distance was chosen
over the Euclidean distance, as the former accounts
for the correlations between the measures. The
first two Mahalanobis distances were extremely
close, so we qualitatively selected the one editorial
that was less factual and whose topic was likely
better known by the students, i.e. the future of the
European Union.

2.2 Machine translation and post-editing

LLM-based MT The 18 editorials from the cor-
pus, including the selected article, were machine
translated in late September 2025 using the paid

1https://spacy.io



version of GPT-5.0. We relied on a temporary chat,
in automatic reflection mode and with memory dis-
abled so as to minimize biases. Two prompts were
used to generate the MTs. Both of them were fol-
lowed by a line break and the full editorial. The
first one, hereunder referred to as P1, is a straight-
forward translation prompt from Wang et al. (2023,
p. 4): “Translate this document from English to
French.”, to which we added the instruction “Out-
put only the translation.”. For the second one,
P2, we started from a prompt employed in Far-
rell (2023b, p. 110): “Please translate the text be-
low into Italian, keeping in mind that lexical vari-
ety is required for a human-quality final text”. We
edited it including the source language so the lan-
guage pair would appear in both P1 and P2, we
added information on the text type, and gave fur-
ther instructions related to syntactic equivalence
between the source and the target text. This re-
sulted in the following prompt P2: “Translate this
editorial from English to French. Please keep in
mind that lexical and syntactic variety is required
for a human-quality final text. Calques from En-
glish must be avoided and natural-sounding French
structures and expressions should be used where
needed. Output only the translation.”

Post-editing setting The 594-word editorial was
post-edited as part of a regular post-editing class
session by twelve second-year Master’s students
in multidisciplinary translation, all native speakers
of French, in mid-October 2025. They had been
following this class for one month and had prior
extensive training in translation but little PE train-
ing. After filling in an informed consent form to
participate, they were instructed to perform a full
PE of the text in fr_FR (French from France) to
the best of their ability. The students did not have
access to any MT tools, but were allowed to use
the Internet for any other purpose. Two groups of
six students were created by randomly assigning
them one of the machine-translated versions of the
selected editorial: MT1 (MT generated using P1)
or MT2 (MT generated using P2). For the sake
of clarity, the post-edited versions of the editorial
that are based on MT1 will be referred to as PE1
and those based on MT2 will be referred to as PE2.
The students were not informed of the MT origin
nor of the aims of the study to limit biases. After
the post-editing brief, they were given 110 minutes
to complete the PE task in class.

2.3 Linguistic metrics
To assess the prompt effectiveness in increasing
lexical variety and decreasing syntactic equiva-
lence, a series of linguistic metrics (described be-
low) were computed on the MTs of the 18 editori-
als generated using P1 and P2. These metrics were
also used for comparing the post-edited versions of
the selected editorial depending on the MT version
underlying the PE step (MT1 or MT2).

For statistical testing, we tested the normality
of differences between the paired metrics in the
machine-translated editorials and the normality of
each distribution in the post-edited editorials us-
ing the Shapiro-Wilk test (α = 0.05). In cases
where the normality assumption was met, we re-
lied on Student’s paired t-tests to assess whether
P1 and P2 led to significantly different linguistic
metrics in the MTs, and on Welch’s t-tests (MT1
or MT2) to assess whether the MT version un-
derlying PE led to significantly different linguis-
tic metrics in the post-edited versions. As the nor-
mality assumption was not met for SACr between
MTs and for PoS changes between post-edited ed-
itorials, a Wilcoxon signed-rank test and a Mann-
Whitney U-test were used, respectively. To ob-
tain a more comprehensive view, especially be-
cause sample sizes are quite low, we also com-
puted effect sizes relying on Hedges’ g since it
has a higher accuracy than Cohen’s d when sam-
ple sizes are low (Hedges and Olkin, 2014). For
reference, values of 0.2, 0.5, 0.8, 1.2, and 2.0 are
considered to indicate small, medium, large, very
large, and huge effects (Sawilowsky, 2009), with a
g of 1 indicating a difference of one standard devi-
ation. In the comparison between post-edited ver-
sions, bootstrap resampling (n = 5,000 iterations,
95% confidence interval) was run to complement
the Welch’s t-tests results as the sample size was
particularly low. The risk of false positives due to
multiple comparisons of correlated metrics was ad-
dressed by applying Bonferonni corrections to all
p-values related to lexical metrics on the one hand,
and to syntactic metrics on the other hand.

TTR & MATTR The type-token ratio (TTR)
and moving-average type-token ratio (MATTR)
(Covington and McFall, 2010) are two closely re-
lated measures of lexical diversity based on the ra-
tio of word types to the number of words. One of
the main advantages of MATTR over TTR is its re-
ally low sensitivity to text length (Bestgen, 2024),
but we still calculated the TTR as it is widely used



in the literature. While TTR is computed as the ra-
tio between the number of word types and the total
number of words in a text, MATTR is based on a
sliding window of n words, computing TTR for the
words 1 to n, 2 to n+1, and so on until the end of
the text. One drawback of MATTR, though, is that
the n-1 first and last words of a text have a lower
weight than the others as they appear in fewer win-
dows (Bestgen, 2024). In the present study, we re-
lied on MATTR-50, i.e. using a 50-word window.
It should also be noted that these metrics measure
repetition, which does not give access to dimen-
sions such as vocabulary sophistication.

Lexical density Lexical density is an indicator
of information density (Johansson, 2008) as the ra-
tio between content words and the total number of
words in a text (Toral, 2019). Texts with lower lex-
ical density are considered to be easier to process,
as the proportion of grammatical words to content
words is higher (Baker, 1996).

Metrics of syntactic equivalence In order to as-
sess the level of syntactic equivalence between
the source text and the MTs, we used the AS-
TrED Python library (Vanroy et al., 2021) in its
fully automated mode.2 The library comprises four
metrics: SACr (syntactically aware cross), PoS
changes (part-of-speech changes), label changes,
and ASTrED (aligned syntactic tree edit distance).
Based on aligned and parsed source-target sen-
tence pairs, SACr, PoS changes, and label changes
are related to the number of alignment cross-
ings, differences in parts of speech, and differ-
ences in dependency labels between source and
target, respectively. While the former three are
rather shallow indicators of syntactic reorganiza-
tion in a translation, ASTrED identifies deeper
structural changes, since it takes into account both
the alignment and the distance between the parsing
trees of the source and target sentences (Hansen
and Esperança-Rodier, 2022). We relied on the
normalized scores as they allow fairer compar-
isons. For instance, this limits the influence of
differences in text length between MTs or be-
tween post-edited versions. Higher values suggest
lower syntactic equivalence between the source
text and the target text, i.e. fewer syntactic calques,
with SACr/ASTrED increasing in line with align-
ment/parsing trees differences between the source
2It relies on the Stanza tokenizer and parser (Qi et al., 2020)
and a modified version of awesome-align (Dou and Neubig,
2021)

and target text. For more comprehensive explana-
tions on the metrics of syntactic equivalence, we
refer the reader to Vanroy et al. (2021).

2.4 Qualitative analysis of the post-edited
texts

The second main focus of the study is a qualitative
analysis of the post-edited texts. Such human eval-
uation was deemed necessary in the framework of
this article, since automatic evaluation struggles to
detect “language nuances and context” (Mukher-
jee and Shrivastava, 2025, p. 11). At the same
time, a well-known limitation of human evaluation
is the subjectivity it entails, which explains why
“recent developments in MT have seen the devel-
opment of several human assessment methodolo-
gies” (Mukherjee and Shrivastava, 2025, p. 11).

Among the most commonly used methodolo-
gies is the MQM (Multidimentional Quality Met-
rics) typology, but it is not specifically tailored
for MTPE quality assessment. We therefore re-
lied on the MTPEAS taxonomy, which was specif-
ically created to classify the types of errors made
by students when post-editing (Lefer et al., 2022)
and seems to achieve high inter-annotator agree-
ments (Bodart et al., 2024).

The MTPEAS taxonomy contains seven cate-
gories that depend on the types of edits made by
the post-editors in the MT (Bodart et al., 2024).
On the one hand, it provides for edits in parts of
the raw MT that are considered as erroneous by
the annotators according to whether the post-editor
fully, partially, or hardly corrects the tagged error
(successful, incomplete, or unsuccessful edit), or
leaves it unaddressed (missing edit). On the other
hand, it classifies edits in parts of the raw MT
where the annotators did not tag any error accord-
ing to whether the edit improves, does not affect,
or reduces (value-adding, unnecessary, or error-
introducing edit) the MT quality.

The seven type of edits (or absence thereof)
from the MTPEAS taxonomy were subclassified
into three categories: positive “+” (value-adding
and successful edits), neutral “=” (unnecessary ed-
its), and negative “-” (incomplete, unsuccessful,
error-introducing, and missing edits). We also de-
rived additional measures from the MTPEAS an-
notations: we defined the “missed error rate” as
the ratio between the number of MT errors tagged
by the annotators and that of missing edits, and the
“successful edit rate” as the ratio between the num-



ber of MT errors tagged by the annotators and that
of successful edits.

The intended two-step MTPEAS workflow was
followed. First, two annotators with extensive pro-
fessional experience in both PE and translation
flagged the errors appearing in MT1 and MT2, be-
fore discussing them to obtain a single gold stan-
dard of errors in each of the machine-translated
texts. Both these annotated versions were used as
a gold standard for the consecutive MTPEAS eval-
uation. After the collection and anonymisation of
the 12 post-edited texts produced by the students,
said texts were submitted to the annotators, who
individually tagged each edit made in the post-
edited texts using the appropriate category from
the MTPEAS taxonomy. Then, the outcomes of
the individual MTPEAS tagging were compared to
verify whether the annotation results obtained by
the annotators were coherent (though the number
of annotators prevented any meaningful measure-
ment of inter-annotator agreement).

3 Results

This section will be divided into two parts. First,
quantitative results based on the computed linguis-
tic metrics will be presented. We will report the
statistical differences in metrics between the 36
MTs of the 18 editorials depending on the prompt
used (P1 vs P2) as well as between the 12 post-
edited versions of the selected editorial (PE1 vs
PE2).

The second subsection will be dedicated to the
qualitative PE analysis carried out using the MT-
PEAS taxonomy. We will start by highlighting the
similarities and differences between the tagging
figures obtained by both annotators. Then, we will
report the number of positive, neutral and negative
edits performed in PE1 as opposed to PE2. Finally,
we will present the number of errors tagged by the
annotators in both gold standards as well as the
successful edit rate and missed error rate in PE1
and PE2.

3.1 Linguistic metrics

When it comes to differences between the 18 MTs
produced using P1 and the 18 MTs produced us-
ing P2 in terms of lexical and syntactic metrics,
the Bonferonni-corrected Student’s paired t-tests
(and the Bonferonni-corrected Wilcoxon signed-
rank test for SACr) indicated significant differ-
ences at low significance thresholds (p < 0.0005).

The effect size was medium for lexical density
(Hedges’s g > 0.5), large for TTR, MATTR-50,
and label changes (g > 0.8), and very large for the
normalized measures of ASTrED, SACr, and PoS
changes (g > 1.2). The mean metrics scores and
statistical test results are shown in Table 1. Metrics
scores are rounded to three decimals in the tables.

Metric w/ P1 w/ P2 ∆ % g
Lex. density 0.544 0.554 + 1.91 0.62
TTR 0.509 0.541 + 6.30 0.82
MATTR-50 0.846 0.860 + 1.54 0.85
ASTrED 0.454 0.531 + 16.80 1.85
SACr 0.131 0.189 + 44.31 1.34
PoS changes 0.164 0.186 + 13.44 1.17
Label changes 0.207 0.246 + 18.65 1.76

Table 1. Mean metrics scores in the MTs produced using P1
and P2, percentage difference, and Hedges’ g. All results are

significant at p < 0.0005.

Looking at the MTs of the selected editorial un-
derlying the PE process (MT1 and MT2), linguis-
tic metrics follow the general trend: both the lex-
ical and syntactic metrics are higher in the MT
generated using P2, which specifically requested
lexical and syntactic variety. The scores and the
percentage difference between MT1 and MT2 are
presented in Table 2.

Metric MT1 MT2 ∆ %
Lexical density 0.549 0.564 + 2.74
TTR 0.506 0.534 + 5.60
MATTR-50 0.847 0.864 + 1.95
ASTrED 0.437 0.494 + 13.13
SACr 0.204 0.231 + 13.03
PoS changes 0.218 0.222 + 1.55
Label changes 0.206 0.220 + 6.93

Table 2. Metrics in MT1 and MT2 and percentage difference

Regarding differences in metrics between the
6 texts that were post-edited from MT1 and
the 6 texts post-edited from MT2, results were
very different between lexical and syntactic met-
rics. As a matter of fact, the Bonferonni-
corrected Welch’s t-tests (and the Bonferonni-
corrected Mann-Whitney U-test for PoS changes)
revealed no significant difference in terms of met-
rics of syntactic equivalence, while differences in
lexical metrics remained significant after the PE
step, with huge effect sizes (g > 2.0). Table 3
contains the mean metrics scores of the texts post-
edited from MT1 (PE1) as opposed to from MT2



(PE2), the percentage difference between these
scores, and the statistical test results.

Metric PE1 PE2 ∆ % g
Lex. density 0.548 0.561 + 2.22† 2.40
TTR 0.503 0.530 + 5.46∗ 3.92
MATTR-50 0.852 0.867 + 1.80∗ 3.45
ASTrED 0.462 0.477 + 3.09 0.47
SACr 0.227 0.248 + 8.96 0.43
PoS changes 0.213 0.211 - 0.74 - 0.10
Label changes 0.220 0.216 - 1.62 - 0.29

Table 3. Mean metrics scores in PE1 and PE2, percentage
difference, and Hedges’ g. * indicates significance at
p < 0.0005 and † indicates significance at p < 0.01.

Bootstrapping (n = 5,000 iterations) results cor-
roborate these results, with Bonferonni-corrected
p-values less than 0.001 for the lexical metrics, but
no significant result for the syntactic metrics.

3.2 Qualitative analysis
In this second part of the analysis, the qualita-
tive results obtained following the application of
the MTPEAS taxonomy on the post-edited texts
will be presented. As shown in Section 3.1, P2
had the intended effect, as metrics hint at lower
syntactic equivalence and more lexical variety in
MT2 as compared to MT1. These quantitative
differences are also reflected in qualitative obser-
vations, with MT2 generally featuring more flu-
ent and idiomatic turns of phrase. Before pre-
senting the MTPEAS results, we provide an ex-
ample of this to give a clearer idea of the stylis-
tic differences between MT1 and MT2: the En-
glish excerpt “A paradigm shift is needed if the
"new Europe" to which Ms von der Leyen alludes
is truly to emerge, and if its voice is to be heard
in a darkening multipolar world” was rendered by
“Un changement de paradigme est nécessaire si la
« nouvelle Europe » à laquelle Mme von der Leyen
fait allusion doit réellement émerger, et si sa voix
doit être entendue dans un monde multipolaire as-
sombri3” (MT1) and “Un véritable changement de
cap s’impose si « la nouvelle Europe » qu’évoque
Mme von der Leyen doit réellement voir le jour et
faire entendre sa voix dans un monde multipolaire
de plus en plus instable4” (MT2).
3Back translation: “A paradigm shift is needed if the "new
Europe" to which Ms von der Leyen alludes is truly to emerge,
and if its voice is to be heard in a darkened multipolar world.”
4Back translation: “A real change of course is essential if the
"new Europe" Ms von der Leyen mentions is truly to come
into existence and get itself heard in a increasingly unstable

Annotator 1 PE1 PE2 Total

# PE edits 305 236 541
# PE edits (+) 94 50 144
# PE edits (=) 37 46 83
# PE edits (-) 174 140 314

Annotator 2 PE1 PE2 Total

# PE edits 307 225 532
# PE edits (+) 97 66 163
# PE edits (=) 57 31 88
# PE edits (-) 153 128 281

Table 4. PE tagging results – both annotators

Table 4 shows the results of the tagging per-
formed by each of the annotators, subclassified as
described in Section 2.4. First of all, both anno-
tators obtained similar results in terms of num-
ber of edits, indicating that the tagging setting and
the MTPEAS taxonomy provided coherent results
overall. The slight discrepancy in the total num-
ber of edits in PE2 is due to rephrasing operations
leading to changes elsewhere in the text, as these
can be considered as one or several edits. The other
discrepancies are related to the neutral (unneces-
sary) edits, because of the relatively subjective
nature of this particular category. Indeed, some
edits were deemed “unnecessary” by one annota-
tor, while the other considered them to be “value-
adding” or “error-introducing”. The same goes for
“unsuccessful” and “incomplete edits”, where one
annotator may have considered that a certain edit
corrected part of an MT error, while the other con-
sidered that the error was not corrected at all.

Overall, it can also be observed that there were
more edits in PE1 as compared to PE2. It is how-
ever worth mentioning that 31 MT errors were
identified by the annotators in MT1 as opposed to
24 in MT2 (although they were sometimes per-
ceived by the annotators as being more serious
in MT2). This can partly influence the results in
terms of total number of edits, since the presence
of more MT errors requires more edits for them to
be corrected. However, this is only partially true,
as many edits that are not linked to the raw MT
version were found in the post-edited texts.

The numbers presented in Table 5 below show
that a higher number of positive edits were gener-
ally made in individual PE1 texts in comparison to
in PE2 texts.

multipolar world.”



PE1 PE2

Annot. 1 14 15 10 10 20 25 6 8 12 5 8 11
Annot. 2 13 18 9 16 17 24 11 11 15 10 8 11

Table 5. Positive edits by text

Table 6 shows that this was also the case for neg-
ative edits, i.e. MT problems that were not solved
or errors that were introduced into the MT output
by the participants (although the MT was correct).

PE1 PE2

Annot. 1 27 33 30 30 25 29 24 23 20 29 21 23
Annot. 2 26 26 27 26 26 22 22 24 17 22 21 22

Table 6. Negative edits by text

When post-editing MT1, which contained more
structural calques from the source text, the missed
error rate was 49.2% on average, meaning the stu-
dents failed to identify nearly half of the tagged
MT errors. This rate increased to 70.8% when the
students post-edited MT2, whose sentence struc-
tures were further off the source text structures. By
contrast, the successful edit rate was twice higher
in PE1 as compared to PE2, with 30.6% of er-
rors tagged by the annotators correctly addressed
in PE1 as opposed to 15.2% in PE2. Table 7 shows
the number of successful and missing edits per
post-edited text as well as the corresponding suc-
cessful edit and missed error rates. Full MTPEAS
results are presented in Table 11 in the Appendix.

4 Discussion

In this section, we will analyse the quantitative
data obtained from the MTs generated using P1
and P2 and discuss the effectiveness of the latter
prompt in producing the expected outputs. Then,
we will look at the data related to the post-edited
versions of MT1 and MT2, before bridging the gap
between these quantitative insights and the results
of the qualitative MTPEAS evaluation described
above.

First, regarding the effects of prompting on lex-
ical and syntactic metrics, statistical tests on the
18 editorials show that the MTs produced using P2
led both to greater lexical density and variety, and
to less syntactic equivalence with the source text as
measured with ASTrED, SACr, PoS changes, and
label changes. These results show that the elab-
orate prompt P2 led to the intended increases in
lexical and syntactic metrics as compared to the

straightforward translation prompt P1. This some-
what contrasts with previous results (Scourneau,
2025), where an automatic post-editing prompt
(GPT-4o) explicitly requesting lexical and syntac-
tic variety led to lower lexical density, TTR, and
MATTR-100 than a more generic prompt in terms
of lexical metrics, while in terms of syntactic met-
rics, only PoS changes were higher using the more
detailed prompt, with ASTrED and SACr mea-
sures not differing significantly.

The MT linguistic metrics of the selected edito-
rial used as the source text to be post-edited as part
of the present study followed the general trend. As
a matter of fact, all the metrics scores were higher
in MT2 than in MT1, which supports i) more infor-
mation density, ii) less repetition, and iii) sentence
structures that are less similar to the source text in
MT2 than in MT1.

With respect to the quantitative data extracted
from the post-edited texts, syntactic metrics seem
to reach a ceiling: looking at the 12 post-edited
texts (6 from MT1, 6 from MT2), all the statisti-
cally significant differences in terms of syntactic
equivalence disappeared. This could be due to the
very nature of that kind of metrics, as structural
differences between the source and the target lan-
guage are inherently limited by the typical English
and French grammatical structures. For example,
given that both English and French are SVO lan-
guages using generally similar noun phrase struc-
tures, certain alignment crossings are very unlikely
even after extensive rephrasing. One hypothesis
for the absence of difference after the PE step
is therefore that excessively calqued structures in
MT1 and MT2 were rephrased during the PE pro-
cess, which led to an increase in the syntactic met-
rics up to a soft ceiling. As metrics of syntactic
equivalence were higher in MT2, the restructuring
effort may have been lower for the students post-
editing from that MT, though. However, as far as
the lexical metrics are concerned, the initial differ-
ences that were observed between MT1 and MT2
remain: the texts post-edited from MT2 present
a slightly but significantly higher degree of lexi-
cal density and variety than those post-edited from
MT1. This could suggest that post-editing an MT
characterised by a higher degree of lexical density
and variety enables post-editors to produce lexi-
cally denser and less repetitive post-edited texts.
Of course, it must be emphasised that a small sam-
ple of 12 post-edited texts does not allow any de-



MT1 MT2
Tagged errors 31 31 31 31 31 31 24 24 24 24 24 24

PE1 PE2
Annotator 1 PE1-1 PE1-2 PE1-3 PE1-4 PE1-5 PE1-6 PE2-1 PE2-2 PE2-3 PE2-4 PE2-5 PE2-6
Successful edit 9 10 4 6 14 10 2 4 6 2 1 6
Successful edit rate 29.0% 32.3% 12.9% 19.4% 45.2% 32.3% 8.3% 16.7% 19.4% 8.3% 4.2% 25.0%
Mean suc. edit rate 28.5% 13.6%
Missing edit 18 14 25 14 10 14 20 17 15 15 20 16
Missed error rate 58.1% 45.2% 80.6% 45.2% 32.3% 45.2% 83.3% 70.8% 62.5% 62.5% 83.3% 66.7%
Mean mis. error rate 51.1% 71.5%

PE1 PE2
Annotator 2 PE1-1 PE1-2 PE1-3 PE1-4 PE1-5 PE1-6 PE2-1 PE2-2 PE2-3 PE2-4 PE2-5 PE2-6
Successful edit 8 11 6 10 13 13 4 4 8 2 2 4
Successful edit rate 25.8% 35.5% 19.4% 32.3% 41.9% 41.9% 16.7% 16.7% 33.3% 8.3% 8.3% 16.7%
Mean suc. edit rate 32.8% 16.7%
Missing edit 19 13 23 15 8 10 18 19 15 13 21 15
Missed error rate 61.3% 41.9% 74.2% 48.4% 25.8% 32.3% 75.0% 79.2% 62.5% 54.2% 87.5% 62.5%
Mean mis. error rate 47.3% 70.1%
Both annotators PE1 PE2
Mean suc. edit rate 30.6% 15.2%
Mean mis. edit rate 49.2% 70.8%

Table 7. Tagged errors, successful edits, and missing edits per text and successful edit and missed error rates.

gree of generalisation, and that these trends are
only applicable to the present study.

It also remains to be determined whether higher
TTR, MATTR and lexical density scores are nec-
essary or even desirable from a qualitative point of
view. Some authors have agreed with that view in
relation to certain kinds of texts. For example, Far-
rell (2018, p. 58) argued that “Italians are taught
that good writers should avoid unnecessary lexi-
cal repetition”, which can arguably be true for the
French language as well. However, such an as-
sumption is rather subjective and it would be chal-
lenging to gather data allowing to reject or rein-
force it.

Also, some languages are more accepting of
repetitions than others, and the tolerance to rep-
etition also depends on the function of the text:
“repeating information serves important commu-
nicative and cognitive functions for both speakers
and hearers” (Leufkens, 2020, p. 82). This adds
a layer of difficulty: for instance, lower lexical
density and variety could be desirable in procedu-
ral texts as it contributes to making a text easier
to process (Baker, 1996), but undesirable in other
text types such as editorials, where it “would make
the text less interesting to read and less intellec-
tually stimulating” (Farrell, 2018, p. 58). There-
fore, more extensive PE quality assessment studies
should be carried out to formally establish whether
higher lexical density and variety is desirable, and
if so, in which text types.

These quantitative metrics can be associated to
the qualitative phenomena observed in the second
phase of the study. First, the higher number of
PE operations in PE1 could be due to the lower
lexical variety and greater syntactic equivalence
with the source text in MT1 as compared to MT2,
since more lexical and structural changes may have
been required in MT1 for it to sound natural to
French-speaking readers, whereas MT2 required
fewer such changes. On the other hand, the stu-
dents post-editing MT2 may have been misled by
its higher lexical variety and density as well as by
the more prominent sentence restructuring and re-
wording, since they spotted fewer errors tagged by
the annotators than the students who post-edited
MT1, as shown in the Results section. Consistent
with this, fewer MT errors were successfully cor-
rected in PE2 than in PE1.

Therefore, a prompt encouraging greater syn-
tactic reordering, such as P2, ultimately seems to
largely reduce the students’ successful edit rate
(30.6% in MT1 vs 15.2% in MT2) and increase
their missed error rate (49.2% in MT1 vs 70.8% in
MT2).

More specifically, the lower number of repe-
titions, slightly higher information density, and
lower degree of syntactic equivalence (i.e. higher
divergence between the source and target struc-
tures) in MT2 may have made MT errors more dif-
ficult to detect and successfully correct, possibly
because of the greater cognitive effort required.



Furthermore, the more natural sentence struc-
tures and added idiomaticity in MT2 seem to
have led the students who post-edited it to over-
look meaning shifts in the MT output, proba-
bly because of an excessive trust in the fluent
MT output linked to their lack of PE experi-
ence: “[c]overt errors in overtly fluent AI transla-
tion can be difficult to recognise, sometimes caus-
ing serious consequences” (Zhang and Doherty,
2025, p. 237). For instance, the English excerpt
“[. . . ] has hobbled the EU’s response to a genoci-
dal war that has horrified European populations”
was machine-translated into “[. . . ] ont entravé
la réponse de l’UE à une guerre génocidaire qui
a horrifié les populations européennes5” in MT1
and into “[. . . ] ont entravé la réponse européenne
face à une guerre génocidaire qui a profondément
choqué les opinions publiques6” in MT2. The
adjective “European” is omitted in MT2, yet 3
students out of 6 failed to restore this informa-
tion. One possible explanation is that “opinions
publiques” is arguably more fluent than “popula-
tions européennes” (MT1), making the omission
less noticeable. Another hypothesis is that post-
editing MT2 was more monotonous than post-
editing MT1 for the students, since MT2 already
featured a lot of the required syntactic reordering
and improved idiomaticity, while more elements
need to be manually changed in MT1. As a re-
sult, the students may have lowered their vigilance
when post-editing MT2. Alternatively, it cannot
be totally excluded that despite the random assign-
ment of the PE task, there was a difference in vigi-
lance between students post-editing from MT1 and
from MT2. Nevertheless, this limitation cannot
be overcome in such an experimental setting, as
students cannot be asked to post-edit a same text
twice, nor is it advisable to compare the impact of
two different prompts on two different editorials.

Finally, although the successful edit rate is twice
lower in PE2 than in PE1, it should be noted that it
is still very low in both cases (see Results section).
The same goes for the missed error rate, where
nearly half (MT1) and more than two thirds (MT2)
of the MT errors remained unaddressed – although
the annotators tagged more errors in MT1 than in
MT2 (31 vs 24). It is also interesting to men-

5Back translation: “[. . . ] has hampered the EU’s response to
a genocidal war that has horrified European populations”
6Back translation: “[. . . ] has hampered the European re-
sponse to a genocidal war that has deeply shocked public
opinions”

tion that the missed error rate in PE1 (based on
a raw MT output that may arguably be closer than
MT2 to what a neural MT system would produce)
is closely in line with the ratio of uncorrected er-
rors found by Volkart et al. (2022) with students
post-editing a neural MT output in a similar trans-
lation direction (English – French and English –
Italian). Overall, these trends could indicate that
students do not have enough professional experi-
ence to spot most MT errors or that they tend to
excessively trust the MT output, especially when it
is less literal, more fluent, and lexically richer.

5 Conclusion and future work

The present study aimed at investigating the influ-
ence of prompting strategies on lexical and syn-
tactic metrics in MTs and their impact on the
edit types made by Master’s translation students in
their post-edited texts, as measured using the MT-
PEAS taxonomy.

We did so by submitting a corpus of 18 British
editorials to GPT-5.0 for English-to-French trans-
lation using two prompts: a straightforward trans-
lation prompt (P1) and a more detailed one en-
couraging lexical and syntactic variety as well
as natural-sounding structures and expressions
(P2). The linguistic metrics outlined in the arti-
cle showed that the latter prompt successfully re-
sulted in higher lexical variety and density as well
as lower syntactic equivalence in the form of more
idiomatic sentence rephrasings. Both MTs (MT1
and MT2) of a representative editorial that was pre-
viously selected according to a series of linguistic
metrics were then post-edited by 12 Master’s stu-
dents in a controlled environment, with 6 of them
post-editing MT1 the 6 others post-editing MT2.

Following this, a quantitative and qualitative
analysis of the post-edited texts was performed,
using the same metrics as for the MTs and the
MTPEAS taxonomy, respectively. The quantita-
tive data showed that the significant difference in
lexical metrics between MT1 and MT2 remained
in PE1 vs PE2, implying that gains in lexical vari-
ety and density in an MT remain after the PE step.
On the other hand, post-editing seems to have a
leveling effect in terms of syntactic equivalence,
with the syntactic metrics not being significantly
different anymore between PE1 and PE2 after the
PE step.

On the qualitative side, MTPEAS results show
that post-editing from the MT featuring fewer



structural calques and more idiomatic sentence
structures caused the student post-editors to make
fewer edits overall, to address fewer MT errors,
and to properly correct fewer of them.

At a time when developments in LLM-based
MT lead translators to work with more and more
fluent MT outputs, one could therefore argue that
PE tasks are becoming more and more difficult
for post-editors (be they students or profession-
als). A further line of research would be to study
whether PE training and experience could improve
PE skills, or whether perceived improvements
in MT fluency and higher numbers of natural-
sounding rephrasings in LLM-based MT outputs
and automatic PE (frequently integrated into LSP
workflows) do not intrinsically increase the post-
editor’s cognitive load in a task they already of-
ten consider as not intellectually stimulating. In
other words, it would be interesting to investigate
whether it could be more efficient to post-edit from
MT outputs that are closer to the source text and
therefore require more editing work, but may also
be more intellectually rewarding, or from more
fluent and elegant outputs, reducing the number
of needed PE operations but requiring the post-
editors to be especially careful to properly detect
MT errors.

Another avenue of research is a pedagogical
one: in an era of swift technology develop-
ments and fluent LLM-based MT, students must be
trained to be able to face tomorrow’s challenges.
As a matter of fact, the present study shows that
students may have trouble post-editing fluent con-
tents, in that they fail to spot and properly correct
many MT errors, misled by natural-sounding MT
outputs. More than ever, the impact of prompting
strategies, syntactic priming, and MT fluency must
be carefully dealt with in PE teaching activities.

To overcome one of the limitations of the
present study, i.e. the small 12-participant co-
hort post-editing in the English-to-French direc-
tion, further research on larger sample sizes and
in different language pairs is needed. It would in-
deed make it possible to assess whether the results
can be generalized and hold true in other language
directions. Finally, it would be interesting to also
consider fine-grained aspects related to meaning
preservation, which were out of the scope of this
work.
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A Linguistic metrics per text

The tables below contain the linguistic metrics
scores for each text. Table 8 and Table 9 show the
full lexical and syntactic metrics scores for the 36
machine-translated editorials from the corpus, de-
pending on the prompt used. Table 10 shows the
metrics scores for each of the 12 post-edited texts.
We report the normalized scores for the syntactic
metrics.



B Full MTPEAS edit results

Table 11 shows the full MTPEAS results. It con-
tains the edit types performed by the students
(both according to the MTPEAS taxonomy and to
the subclassification described in Section 2.4) as
tagged by each annotator in each of the 12 post-
edited texts.

Text ID TTR
w/ P1 w/ P2

MATTR-50
w/ P1 w/ P2

Lex. dens.
w/ P1 w/ P2

1-GV 0.511 0.554 0.841 0.859 0.568 0.562
1-IV 0.478 0.520 0.824 0.852 0.526 0.544
1-TV 0.558 0.579 0.870 0.876 0.563 0.571
2-GV 0.506 0.534 0.847 0.864 0.549 0.564
2-IV 0.441 0.463 0.821 0.837 0.523 0.537
2-TV 0.515 0.560 0.840 0.845 0.535 0.545
3-GV 0.519 0.530 0.845 0.854 0.523 0.527
3-IV 0.447 0.470 0.824 0.838 0.531 0.537
3-TV 0.554 0.598 0.847 0.860 0.531 0.555
4-GV 0.539 0.561 0.864 0.858 0.565 0.564
4-IV 0.457 0.496 0.835 0.859 0.537 0.554
4-TV 0.557 0.600 0.871 0.894 0.557 0.579
5-GV 0.509 0.532 0.835 0.836 0.555 0.561
5-IV 0.497 0.522 0.864 0.867 0.518 0.526
5-TV 0.516 0.553 0.853 0.864 0.563 0.574
6-GV 0.545 0.560 0.855 0.865 0.554 0.555
6-IV 0.476 0.529 0.855 0.870 0.534 0.547
6-TV 0.544 0.585 0.845 0.875 0.558 0.577

Table 8. Comparison of TTR, MATTR-50, and lexical
density in the MTs generated using P1 and P2

Text ID ASTrED
w/ P1 w/ P2

SACr
w/ P1 w/ P2

PoS chgs
w/ P1 w/ P2

Label chgs
w/ P1 w/ P2

1-GV 0.595 0.644 0.238 0.415 0.198 0.218 0.243 0.305
1-IV 0.390 0.442 0.108 0.107 0.153 0.176 0.184 0.234
1-TV 0.442 0.557 0.113 0.187 0.178 0.240 0.196 0.271
2-GV 0.437 0.494 0.204 0.231 0.218 0.222 0.206 0.220
2-IV 0.437 0.505 0.113 0.167 0.128 0.178 0.200 0.261
2-TV 0.498 0.586 0.090 0.109 0.149 0.143 0.235 0.253
3-GV 0.504 0.548 0.107 0.169 0.168 0.206 0.212 0.256
3-IV 0.433 0.494 0.086 0.145 0.135 0.157 0.199 0.233
3-TV 0.396 0.502 0.125 0.228 0.166 0.188 0.193 0.221
4-GV 0.436 0.548 0.117 0.178 0.166 0.189 0.205 0.254
4-IV 0.401 0.573 0.134 0.204 0.159 0.192 0.202 0.269
4-TV 0.529 0.612 0.172 0.254 0.207 0.211 0.223 0.231
5-GV 0.443 0.462 0.114 0.130 0.150 0.157 0.201 0.221
5-IV 0.411 0.515 0.058 0.110 0.192 0.185 0.224 0.233
5-TV 0.485 0.573 0.163 0.240 0.177 0.192 0.236 0.265
6-GV 0.393 0.456 0.113 0.134 0.101 0.129 0.171 0.213
6-IV 0.475 0.567 0.142 0.213 0.158 0.195 0.199 0.259
6-TV 0.471 0.473 0.153 0.170 0.143 0.170 0.200 0.227

Table 9. Comparison of ASTrED, SACr, PoS changes, and
label changes in the MTs generated using P1 and P2



Text ID Lexical density TTR MATTR-50 ASTrED SACr PoS changes Label changes
PE1-1 0.557 0.508 0.859 0.440 0.186 0.227 0.221
PE1-2 0.553 0.512 0.848 0.472 0.218 0.228 0.238
PE1-3 0.545 0.510 0.849 0.452 0.266 0.214 0.205
PE1-4 0.543 0.499 0.854 0.481 0.310 0.210 0.222
PE1-5 0.543 0.493 0.854 0.413 0.159 0.181 0.205
PE1-6 0.549 0.498 0.847 0.515 0.227 0.216 0.229
PE2-1 0.560 0.528 0.862 0.488 0.233 0.205 0.220
PE2-2 0.559 0.537 0.865 0.474 0.277 0.233 0.233
PE2-3 0.557 0.527 0.870 0.457 0.232 0.210 0.215
PE2-4 0.560 0.531 0.870 0.503 0.240 0.207 0.214
PE2-5 0.561 0.527 0.866 0.457 0.212 0.210 0.213
PE2-6 0.566 0.536 0.871 0.481 0.293 0.202 0.203

Table 10. Lexical and syntactic metrics in each of the post-edited texts

TA1 TA2
Tagged errors 31 31 31 31 31 31 24 24 24 24 24 24

PE1 PE2
Annotator 1 PE1-1 PE1-2 PE1-3 PE1-4 PE1-5 PE1-6 PE2-1 PE2-2 PE2-3 PE2-4 PE2-5 PE2-6
Value-adding 5 5 6 4 6 15 4 4 6 3 7 5
Successful 9 10 4 6 14 10 2 4 6 2 1 6
Unnecessary 5 7 0 5 12 8 10 10 10 9 4 3
Incomplete 2 7 2 4 6 5 0 1 1 4 0 0
Unsuccessful 1 4 0 8 3 1 2 1 1 1 1 4
Error-introd. 6 8 3 4 6 9 2 4 3 9 0 3
Missing 18 14 25 14 10 14 20 17 15 15 20 16
Total edits 46 55 40 45 57 62 40 41 42 43 33 37
Total positive 14 15 10 10 20 25 6 8 12 5 8 11
Total neutral 5 7 0 5 12 8 10 10 10 9 4 3
Total negative 27 33 30 30 25 29 24 23 20 29 21 23
Annotator 2 PE1-1 PE1-2 PE1-3 PE1-4 PE1-5 PE1-6 PE2-1 PE2-2 PE2-3 PE2-4 PE2-5 PE2-6
Value-adding 5 7 3 6 4 11 7 7 7 8 6 7
Successful 8 11 6 10 13 13 4 4 8 2 2 4
Unnecessary 11 10 5 5 14 12 6 5 6 8 3 3
Incomplete 2 4 0 1 4 3 0 1 0 2 0 1
Unsuccessful 3 3 2 4 5 4 0 0 0 3 0 1
Error-introd. 2 6 2 6 9 5 4 4 2 4 0 5
Missing 19 13 23 15 8 10 18 19 15 13 21 15
Total edits 50 54 41 47 57 58 39 40 38 40 32 36
Total positive 13 18 9 16 17 24 11 11 15 10 8 11
Total neutral 11 10 5 5 14 12 6 5 6 8 3 3
Total negative 26 26 27 26 26 22 22 24 17 22 21 22

Table 11. Full MTPEAS annotations by each annotator


