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Abstract 

This article consists in a comparison of the raw machine 
translation (MT), from English to French, and automatic 
post-editing (APE) of editorials, using three systems for 
MT (DeepL, Google Translate and GPT-4o) and three 
prompts with different levels of instruction specificity for 
APE. According to linguistic metrics, lexical and syntactic 
diversity increase across the board in APE as compared 
to MT, with the least constrained prompt generally 
leading to higher gains than the most constrained one. 
Meanwhile, quality estimation scores follow an opposite 
trend: less constrained prompts achieve lower 
COMETKiwi scores. A qualitative comparison of some 
machine-translated and automatically post-edited 
excerpts shows that APE can correct MT errors, reduce 
fluency errors or calques, and lead to more natural 
translations overall, but may also introduce new errors. 

Keywords: machine translation, automatic post-editing, 
prompting strategies, linguistic metrics, lexical diversity, 

syntactic equivalence. 

Resumen 

El presente artículo consiste en una comparación entre 
traducción automática (TA) en bruto y posedición 
automática (PA). Se recupera la TA de tres sistemas 
(DeepL, Google Translate y GPT-4o) y se usan tres 
prompts que presentan instrucciones con distintos 
niveles de precisión para obtener las versiones 
poseditadas automáticamente. En cuanto a las métricas 
lingüísticas, el grado de diversidad léxica y sintáctica 
aumenta sistemáticamente en la PA en comparación con 
la TA en bruto: el prompt que presenta el menor grado 
de restricción desemboca generalmente en mejoras más 
marcadas que el de mayor grado de restricción. Sin 
embargo, las métricas de evaluación de la calidad 
producen resultados contrarios: los prompts con menor 
grado de restricción obtienen puntuaciones COMETKiwi 
inferiores. La comparación cualitativa de unos 
fragmentos de texto traducidos automáticamente con 
fragmentos poseditados automáticamente demuestra 
que la PA puede corregir los errores producidos por la 
TA, reducir la falte de fluidez y los calcos, y proponer 
traducciones más naturales, aunque también pueda 
llega a introducir errores nuevos. 

 

mailto:valentin.scourneau@umons.ac.be
mailto:valentin.scourneau@uphf.fr
https://orcid.org/0009-0006-4295-7443


 
 
Valentin Scourneau 
Impact of automatic post-editing and prompting strategies 
on the linguistic features of English-to-French translations of editorials Revista Tradumàtica 2025, Núm. 23 

 

  

 
66 

 

Palabras clave: traducción automática, posedición automática, 

técnicas de prompting, métricas lingüísticas, 

diversidad léxica, equivalencia sintáctica 

. 

Resum 

Aquest article consisteix a comparar una traducció automàtica (TA) en brut i una 

postedició automàtica (PA). Es recupera la TA de tres sistemes (DeepL, Google Translate 

i GPT-4o) i s’utilitzen tres prompts que presenten instruccions amb diversos nivells de 

precisió per obtenir les versions posteditades automàticament. Quant a les mètriques 

lingüístiques, el grau de diversitat lèxica i sintàctica augmenta sistemàticament a la PA 

en comparació amb la TA en brut: el prompt que presenta el menor grau de restricció 

desemboca generalment en millores más marcades que el de major grau de restricció. 

Tanmateix, les mètriques d’avaluació de la qualitat produeixen resultats contraris: els 

prompts amb menor grau de restricció obtenen puntuacions COMETKiwi inferiors. La 

comparació qualitativa d’uns fragments de text traduïts automàticament amb fragments 

posteditats automàticament demostra que la PA pot corregir els errors produïts per la 

TA, reduir la falta de fluidesa i els calcs, i proposar traduccions més naturals, tot i que 

també pugui arribar a introduir errors nous 

Paraules clau: traducció automàtica, postedición automàtica, 

tècniques de prompting, mètriques lingüístiques, 

diversitat lèxica, equivalència sintàctica. 

1. Introduction 

Since the introduction of large language models (LLMs), different ways of harnessing 

their language capabilities for translation-related tasks have been explored in the field 

of machine translation (MT). They include chain-of-thought prompting (Wei et al., 2022) 

and additional pretraining (Guo et al., 2024) or fine-tuning steps (Xu et al., 2024), LLMs 

for MT (e.g. Hendy et al., 2023), translation evaluation (e.g. Fernandes et al., 2023), and 

automatic post-editing (APE) (e.g. Raunak et al., 2023), which will be the focus of this 

work. 

Various studies have examined the use of LLMs as MT systems (e.g. Hendy et al., 

2023; Jiao et al., 2023; Kocmi et al., 2024; Moslem et al., 2023; Vilar et al., 2023; Wang 

et al., 2023; Zhang et al., 2023; Zhu et al., 2024). As models have scaled up in size, 

they have quickly become more and more effective. While LLMs were first introduced as 

MT systems at the 2023 Conference on Machine Translation (WMT) (Kocmi et al., 2023), 

they “exhibited some of the best quality translations” at the 2024 edition (Kocmi et al., 

2024: 19). According to a literature review by Chan & Tang (2024), most studies on GPT 

for translation indicated it can generate translations that outperform those of neural 

machine translation (NMT) systems and are comparable to human translation (HT) based 

on automatic metrics. Despite these promising advances, LLMs can produce hallucinations 

— in which unrelated content that does not appear in the source text is inserted (Hendy 

et al., 2023) — and prompting strategies can significantly affect the quality of LLM-
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generated translations (He et al., 2024; Hendy et al., 2023; Jiao et al., 2023; Peng et 

al., 2023; Vilar et al., 2023; Wang et al., 2023; Yamada, 2024). 

Most of the studies cited above focus on assessing translation adequacy through 

automatic metrics or human evaluation. As a matter of fact, in early 2025, Li et al. 

(2025) noted that limited attention had been paid to fluency and style in LLM-generated 

translation, but recent works by Alvarez-Vidal et al. (2025), Briva-Iglesias (2025), and Du 

et al. (2025) have shed light on those aspects, showing growing interest in this research 

avenue. Key findings include: i) LLM-generated translations can contain fewer fluency 

errors than NMT and may employ similar translation strategies to human translators, 

albeit to a much lesser extent (Alvarez-Vidal et al., 2025); ii) LLM-based multi-agent 

translation workflows may achieve higher fluency than NMT alone (Briva-Iglesias, 2025); 

and iii) with appropriate prompting, LLMs may produce more creative translations than 

NMT (Du et al., 2025). 

A closely related research area is that of “translationese” (Gellerstam, 1986), or “third 

code” (Frawley, 1984), often discussed in relation to the translation universals (Baker, 

1993). The concept of translationese, also called “translated language” or “language of 

translation”, especially in the broader field of translation studies (Jiménez-Crespo, 2023), 

refers to the specific features of translated texts, manifesting as fingerprints of the source 

text that may cause them to sound unnatural to native speakers (Gellerstam, 1986). It 

was originally studied in the context of human translations, in corpus studies by Laviosa-

Braithwaite (1996) and Laviosa (1998). Based on lexical density and variety, evidence of 

the simplification translation universal (Baker, 1993; 1995) was found: translated 

newspaper articles (Laviosa-Braithwaite, 1996) and translated narrative prose (Laviosa, 

1998) had lower lexical density and higher frequencies for high-frequency words than 

their non-translated counterparts. Later studies also established the presence of 

translationese in MT in the form of “machine translationese”, where MT results in lower 

lexical diversity (Hansen & Esperança-Rodier, 2022; Loock, 2018; Toral, 2019; 

Vanmassenhove et al., 2019; 2021) and higher syntactic equivalence (Hansen & 

Esperança-Rodier, 2022). MT systems also seem to produce more translations using 

cognates, i.e. words sharing a similar form and meaning in two languages (Čulo & Nitzke, 

2016), although this might no longer be the case in newer systems. More recently, Niu 

& Jiang (2024) conducted a corpus study using metrics of lexical diversity as proxies 

for the translation universal of simplification in MT, HT, and original texts. They showed 

that overall, simplification seemed to occur in both MT and HT when compared to 

original texts, although to a greater extent in MT. Regarding LLMs for MT, while Raunak 

et al. (2023) concluded that GPT systems produce translations from English that are less 

literal than those of NMT systems, Chen et al. (2024) and Li et al. (2025) came to a 

more nuanced conclusion, with zero-shot translations exhibiting features of translationese. 

Similarly, there is mixed evidence regarding the existence of “post-editese” in human 

post-editing (HPE), with opposing results being obtained in different studies and sometimes 

even within the same study (Castilho et al., 2019; Castilho & Resende, 2022; Daems et 

al., 2017; Farrell, 2023a; Toral, 2019; Volkart & Bouillon, 2022; 2023; 2024), and virtually 

no evidence on “automatic post-editese” so far. 
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Another area of research on LLMs addresses their potential as editors of machine-

translated texts (Chen et al., 2024; Farrell, 2023b; Ki & Carpuat, 2024; Kunilovskaya et 

al., 2024; Li et al., 2025; Macken, 2024; Raunak et al., 2023). For the sake of simplicity, 

we will refer to this method as “automatic post-editing” (APE), even though the prompts 

used in the studies above do not always specifically include the notion of post-editing. 

Although the examined language pairs, as well as prompt length and specificity (i.e. the 

mention or otherwise of “post-editing”), varied considerably across studies, interesting 

results have been reported across the board. With regard to translation quality, the 

above studies generally demonstrate that APE improves texts when compared to raw 

machine-translated output. Other studies on APE describe changes to linguistic and 

stylistic features, which will be the focus of this research. In particular, Macken (2024) 

observed that GPT, when used as a post-editor (GPT-APE), “made the most lexico-

semantic changes in all texts compared to the human post-editors” and “improved lexical 

richness over the machine translation for all texts” (2024: 79). Li et al. (2025) reduced 

perplexity, which measures a language model’s “decision (un)certainty” (Čulo & Nitzke, 

2016: 108) and was employed as a proxy for translation unnaturalness, with a “polishing 

prompt” similar to APE prompts used in other studies. Similarly, Kunilovskaya et al. (2024) 

leveraged prompts including specific linguistic instructions to mitigate translationese as 

measured by morphosyntactic features in translations at the sentence level. 

Nevertheless, to the best of our knowledge, no research has assessed the impact of 

different document-level APE prompts on lexical density, lexical variety, and syntactic 

equivalence metrics. Li et al. (2025) come closest to our efforts in that respect, and only 

a few studies have compared metrics of lexical diversity and syntactic equivalence in MT 

and APE. In this case study, we adapted and explored three APE prompts from the 

literature, each with a different level of instruction specificity. GPT-4o was used for 

English-to-French APE of editorials in a direct setting (i.e. without any prior evaluation of 

the raw MTs). Besides analysing the impact of the different prompts, we looked to 

investigate whether the APE process seems to lead to lexical and syntactic changes 

similar to those caused by the HPE process. We complemented the analysis of linguistic 

features with an automatic evaluation using COMETKiwi (Rei et al., 2022b) and a 

qualitative analysis of some of the changes found between the MT and APE steps. In 

doing so, we aimed to answer the following research questions: 

RQ1. Are there significant differences between the raw MT outputs and the APE outputs in terms 

of lexical and syntactic metrics? 

RQ2. Does APE contribute to reducing known machine translationese markers, such as decreased 

lexical variety and increased syntactic equivalence? 

RQ3. What are the differences between the different APE prompts in terms of lexical density, lexical 

diversity, and syntactic equivalence? 

RQ4. How do differences in lexical and syntactic metrics affect COMETKiwi scores? 

RQ5. What qualitative differences can be found between MT and APE and between texts generated 

using different APE prompts? 
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2. Previous work 

While the principle of APE is far from new, as evidenced by a literature review by do 

Carmo et al. (2021), LLM-powered APE is a relatively new topic and research specifically 

looking into aspects of variety, style, and literalness is still scarce. In this section, we 

will focus on studies dealing specifically with those aspects. 

Farrell (2023b) authored one of the first studies dealing with lexical diversity in APE. 

He compared GPT3.5-generated MT, DeepL-MT, HT, monolingual GPT3.5-APE, and bilingual 

GPT3.5-APE using the existential construction “there is/are” as a previously identified 

English-to-Italian MT marker (Farrell, 2018). Out of four occurrences in a short Wikipedia 

article, he found that “there are” was translated with its literal equivalent “ci sono” four 

times, three times, twice, twice, and once, respective to each of the above conditions. 

Accordingly, he argued that the bilingual GPT3.5-APE reached higher lexical variety than 

the HT for the studied marker and the studied text. Nevertheless, that preliminary study 

did not include any metric of lexical or syntactic diversity. Another limitation was that 

the students who translated the article did not receive any specific instruction regarding 

lexical variety, while ChatGPT did. 

Macken (2024) compared HPE to GPT-APE for three literary short stories in English 

translated into Dutch. In the study, the 23 human post-editors were professional 

translators with varying experience in translation and post-editing. Macken found an 

increase in lexical diversity in all GPT post-edited texts as compared to the raw MTs. 

When compared to HPE, it was among the highest values for one of the texts. In the 

same line, the GPT post-edited version generally contained more lexico-semantic and 

syntactic changes than the average human post-edited version, with a specific tendency 

to replace words with synonyms. Concerning the type of edits, GPT-4 made more 

preferential and undesirable changes and left more MT errors and inconsistencies 

unaddressed than the professional post-editors. It is especially interesting to note that 

GPT-4 made so many changes when the prompt specified that any unnecessary edits 

had to be avoided, i.e. when the MT was both faithful to the meaning and the style of 

the author. 

Chen et al. (2024) built on the idea that human translators can re-read and edit their 

translations to propose an LLM-based iterative refinement prompting strategy. They 

argued that their method could prevent post-editese as the LLM could regenerate an 

unconstrained translation, unlike neural APE methods trained on human post-edited texts. 

According to their human evaluation, the refined sentence-level outputs achieved higher 

fluency and naturalness than the raw LLM translation outputs in all language pairs 

(English-German and English-Chinese). When compared to WMT human references, the 

refined outputs were also considered more fluent and natural in the case of working 

into English and were nearly tied in the English-to-German direction. Meanwhile, they 

obtained higher COMET (Rei et al., 2020) and COMETKiwi scores, but markedly lower 

scores according to string-based metrics, which suggests lexical and syntactic variations 

with no negative impact on translation quality. Thus, the method seems effective in 

increasing MT fluency and naturalness. 
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In the English-German language pair, Kunilovskaya et al. (2024) utilised four rewriting 

prompts including or omitting a definition of translationese and/or linguistic instructions 

with GPT-4 in order to reduce translationese as measured by a set of 58 linguistic 

features, 15 of which were identified as translationese predictors. Even the retranslation 

prompt effectively mitigated translationese features, but rewriting prompts yielded better 

results. Prompts containing specific linguistic instructions reduced translationese features 

more than those that did not. However, they scored lower for both fluency and accuracy 

in human evaluation, as well as according to COMET-DA (Rei et al., 2022a) and COMET-

QE (Rei et al., 2020), although differences were small. 

Recently, Li et al. (2025) successfully reduced the proportion of overly literal 

translations using a “polishing” prompting strategy and supervised fine-tuning (SFT) data 

with higher translation naturalness, obtained through their polishing prompt. After 

polishing, the proportion of GPT-4-generated translations exhibiting translationese, as 

evaluated by holders of linguistics or translation degrees, fell from 43% to 25% and 

50% to 42% in the English-to-Chinese and German-to-English language pairs respectively. 

Likewise, implementing their SFT during the training of the Llama and Qwen LLMs 

effectively reduced perplexity, which was found to be a good predictor of translationese, 

while the resulting translations obtained higher COMET-QE scores and were ranked higher 

by human evaluators. 

3. Methodology 

This section explains the compilation of the source corpus, as well as the process 

followed to select the source texts analysed and the MT systems and prompts used. It 

also describes the linguistic metrics chosen and the statistical tests used. 

3.1 Source corpus and selected source texts 

Instead of using texts from an existing English-French parallel corpora, we gathered 

English editorials that had been published in British national newspapers (The Guardian, 

The Independent, and The Telegraph) between November and December 2024. This was 

to avoid data contamination, as no English-French parallel corpus was recent enough to 

be sure it had not been used as part of the training of GPT (OpenAI et al., 2024). 

In each newspaper, we selected 16 editorials dealing with social issues or world and 

domestic events, giving a total of 48 editorials with word counts ranging from 448 to 

789 words. In contrast to news items, editorials are not purely informative (Poibeau, 

2022), as they seek to persuade readers, and “may have more freedom in their writing 

styles” (Marques & Mont’Alverne, 2021: 1816). These factors make this text type 

particularly interesting to investigate as part of a study looking into stylistic aspects such 

as lexical and syntactic variety. Indeed, as Farrell (2018) puts it: 

“Variety and inventiveness are not always desirable features in every kind of text. For example, 

excessive lexical variation might make a smartphone user’s guide more difficult to follow. 
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Nevertheless, there are various other kinds where lexical uniformity would make the text less 

interesting to read and less intellectually stimulating (marketing, advertising, literature, journalism, 

education, entertainment, and creative writing in general).” (2018: 58) 

The editorials were mostly left untouched, apart from the removal of “The Guardian 

view on” from the titles of articles from The Guardian to avoid skewing the lexical 

metrics. As the editorials were saved in UTF-8 .txt format, we standardised the punctuation 

across all texts, but refrained from making other changes as the editorials were to be 

machine-translated and automatically post-edited. 

When selecting the source texts, we aimed to maximise representativeness across a 

series of linguistic dimensions while enabling a certain level of comparison between the 

editorials. We selected the five most representative editorials, based on their Euclidean 

distance from the median values for word count, syntactic simplicity, TTR (type-token 

ratio), and lexical density, as computed using Coh-Metrix (McNamara et al., 2014), and 

for MATTR-100 (moving-average type-token ratio, 100-word window; see Section 3.3.2 

MATTR), as computed using the R package koRpus and its built-in tokeniser. The 

Euclidean distances were computed using an ad hoc Python script. Accordingly, five 

editorials with word counts ranging from 569 to 601 words were identified as the most 

representative texts among the 48. Their representativeness enabled us to use bootstrap 

resampling for statistical testing, especially in the few cases where the normality 

hypothesis was violated. The source corpus data are available in the Appendix. 

3.2 Machine translation, automatic post-editing, and prompts 

In early February 2025, the five most representative source editorials were translated 

using two commercial NMT systems, Google Translate (GTrans) and DeepL, and one LLM, 

GPT-4o. The prompt used for the raw LLM-generated translations was based on Jiao et 

al. (2023), Peng et al. (2023), and Wang et al. (2023), but did not include domain 

information to avoid giving GPT-4o an unfair advantage. Note that in all the prompts 

presented below, [SRC] and [MT] correspond to the entire source editorial and the entire 

MT, without sentential boundaries. The translation prompt was as follows: 

You are a machine translation system. Please translate this document from English to 

French: 

[SRC] 

The 15 raw translations were then automatically post-edited using each of three 

increasingly constrained prompts (P1, P2, and P3) in GPT-4o (default temperature), as 

described below. 

P1 was the most effective iterative prompt in Chen et al. (2024), as tested on WMT22 

datasets. “English” was prepended to “source”, and unlike P2 and P3, the prompt was 

run twice (first using the MT as input, then once more using the first round’s output as 

input). That number of iterations was chosen based on the results of Chen et al. (2024), 

where it gave the highest COMETKiwi scores in the English-to-German direction, with a 

third iteration leading to a decrease in performance. Another reason we did not run a 
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third iteration is that it would have increased environmental costs. In contrast to the 

other two prompts, P1 did not include any instructions regarding syntactic or lexical 

variety and stylistic aspects: 

English source: 

[SRC] 

Translation: 

[MT] 

Please give me a better French translation without any explanation. 

P2 was slightly adapted from Farrell (2023b). It mentioned syntactic variety in addition 

to lexical variety and specified “in English” instead of “in original language”, so that all 

prompts clearly mentioned both the source and target language: 

Please post-edit the text below, which was machine-translated into French, keeping in mind 

that lexical and syntactic variety is required for a human-quality final text. 

Here is the source text in English: 

[SRC] 

Here is the text to post-edit: 

[MT] 

Finally, P3, the most constrained prompt, was adapted from Macken (2024) as it was 

to be applied to editorials rather than literary texts. The prompt instructed an expert 

post-editor, imagined as a native French speaker with strong English proficiency, to refine 

French translations of English texts. The task balanced two priorities: (1) faithfulness to 

meaning (ensuring no omissions, additions, or distortions of the source text’s content) 

and (2) faithfulness to style (preserving the author’s tone and rhetorical effects while 

allowing creative solutions when needed). The post-editor was to correct errors in meaning 

or style only when necessary, adhering to strict rules: no unsupported additions, correct 

capitalisation and determiners, no unwarranted punctuation changes, and no assumptions 

about typos in the source. If a translation was very poor, the post-editor was allowed 

to rewrite it entirely, but was otherwise to make minimal edits to improve accuracy, 

fluency, and style (see the full prompt in the Appendix). 

3.3 Linguistic metrics 

Several linguistic metrics used in studies on machine translationese and post-editese 

enable us to quantify the lexical and syntactic differences between machine-translated 

and automatically post-edited versions of texts. Lexical density and lexical diversity have 

notably been used as proxies for the translation universal of simplification (Laviosa-

Braithwaite, 1996; Niu & Jiang, 2024). 

In this section, we present the metrics we computed, as well as results from studies 

in which they have been used. To analyse lexical differences, we considered lexical 

density and MATTR, the latter of which measures lexical diversity based on the degree 
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of word repetition. Meanwhile, SACr (syntactically aware cross), ASTrED (aligned syntactic 

tree edit distance), and PoS (part-of-speech) changes provided insight into the level of 

syntactic equivalence between source and target text. We also computed the expanding 

ratio between source and target. 

3.3.1 Lexical density 

Lexical density is a measure of information density (Johansson, 2008) and is calculated 

as the ratio between the number of content words and the total number of words (Toral, 

2019), as shown in Formula (1). Lemmatisation and tagging were performed using the 

spaCy library. 

𝐿𝑒𝑥𝑖𝑐𝑎𝑙 𝑑𝑒𝑛𝑠𝑖𝑡𝑦 =
#𝑐𝑜𝑛𝑡𝑒𝑛𝑡 𝑤𝑜𝑟𝑑𝑠

#𝑤𝑜𝑟𝑑𝑠
    (1) 

Studies on post-editese have obtained different results regarding lexical density. Toral 

(2019) and Volkart & Bouillon (2022) reported increased lexical density in HT as 

compared to HPE, while other studies yielded mixed results depending on the corpus or 

language pair involved (Castilho et al., 2019; Castilho & Resende, 2022; Volkart & 

Bouillon, 2023). 

3.3.2 MATTR 

MATTR (moving-average type-token ratio) (Covington & McFall, 2010) was chosen as a 

metric of lexical diversity. Unlike TTR (type-token ratio), MATTR is insensitive to text 

length (Bestgen, 2024) since it uses 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 a text of w words. One limitation 

of MATTR, though, is that the n-1 first and last words have a lower weight in the 

computation as they occur in fewer windows (Bestgen, 2024). MATTR is calculated as 

shown in Formula (2). 

𝑀𝐴𝑇𝑇𝑅 =  
∑ 𝑇𝑇𝑅𝑖

𝑤−𝑛+1
𝑖=1

(𝑤 − 𝑛 + 1)
 𝑤ℎ𝑒𝑟𝑒 𝑇𝑇𝑅𝑖 =  

#𝑡𝑦𝑝𝑒𝑠 𝑖𝑛 𝑤𝑖𝑛𝑑𝑜𝑤 𝑖

𝑛
    (2) 

In this work, we computed the MATTR-100 (n = 100 words) for each source and 

target text using the R package koRpus and its built-in tokeniser. We also calculated 

the TTR as it is commonly reported in the literature, but we did not overly rely on it 

due to its limitations. The computation was case-insensitive for both metrics. 

Studies in the field of post-editese have generally relied on TTR-based metrics. MATTR 

was used by Hansen & Esperança-Rodier (2022), who reported a higher MATTR in human 

references as compared to MTs, as well as by Macken (2024) (see 2. Previous work). 

3.3.3 SACr 

SACr uses alignment crossings to quantify the degree of reordering between source and 

target word sequences (Vanroy et al., 2021). The metric is an improved version of 
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seq_cross (Vanroy et al., 2019) that considers relations in the dependency trees to 

create linguistically motivated alignments. However, it remains a shallow-level metric of 

structural changes, which is why it is complemented by ASTrED. SACr is computed as 

the ratio between the number of alignment crossings and the total number of alignments 

(Vanroy et al., 2021), as shown in Formula (3). 

𝑆𝐴𝐶𝑟 =  
#𝑐𝑟𝑜𝑠𝑠𝑖𝑛𝑔𝑠𝑎𝑙𝑖𝑔𝑛𝑚𝑒𝑛𝑡

#𝑎𝑙𝑖𝑔𝑛𝑚𝑒𝑛𝑡𝑠
    (3) 

We computed SACr between all source and target texts using the ASTrED Python 

library (Vanroy et al., 2021) in its fully automated mode, which is based on the Stanza 

tokeniser and parser (Qi et al., 2020) and a modified version of awesome-align (Dou & 

Neubig, 2021). The same method was employed to compute ASTrED and PoS changes 

(Sections 3.3.4 ASTrED and 3.3.5 Part-of-speech changes). We also report the 

unnormalised scores for the three metrics in order to provide a more comprehensive 

picture, especially since the alignment and part-of-speech tagging were performed 

automatically. 

HTs have been observed to have a higher absolute number of alignment crossings 

than MTs (Hansen & Esperança-Rodier, 2022) and HPE (Schumacher, 2025). Volkart & 

Bouillon (2024), who worked on professional HT and HPE corpora, obtained mixed results, 

with HPE obtaining a significantly higher SACr than HTs in one corpus and an 

insignificantly lower SACr in two other corpora. 

3.3.4 ASTrED 

ASTrED is based on the same alignment method as that used for SACr or PoS changes, 

but it can capture deeper levels of syntactic reorganisation. The metric draws on the 

number of edits that are needed for the source dependency tree to match the target 

dependency tree instead of solely considering alignment crossings as SACr does. The 

number of edits is then normalised by the average number of source and target words 

(Vanroy et al., 2021), as shown in Formula (4). 

𝐴𝑆𝑇𝑟𝐸𝐷 =  
#𝑒𝑑𝑖𝑡𝑠𝑠𝑜𝑢𝑟𝑐𝑒_𝑡𝑟𝑒𝑒 → 𝑡𝑎𝑟𝑔𝑒𝑡_𝑡𝑟𝑒𝑒  

(
#𝑤𝑜𝑟𝑑𝑠𝑠𝑜𝑢𝑟𝑐𝑒 + #𝑤𝑜𝑟𝑑𝑠𝑡𝑎𝑟𝑔𝑒𝑡

2
)

   (4) 

Results from studies using ASTrED are more consistent. Both Hansen & Esperança-

Rodier (2022) and Schumacher (2025) obtained higher unnormalised ASTrED in HT as 

compared to MT and HPE. Likewise, Volkart & Bouillon (2024) reported that normalised 

ASTrED was higher in HT than in HPE for the three corpora they used, even though the 

difference was not significant in one case. 

3.3.5 Part-of-speech changes 

Part-of-speech (PoS) changes are a way of quantifying how parts of speech (such as 

nouns, verbs or adjectives) differ between the aligned source-target pairs. The metric can 
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be used as a shallow indicator of syntactic equivalence (Hansen & Esperança-Rodier, 

2022). In sentence pairs aligned at the word level, it is computed as the number of 

instances in which the target PoS differs from the source PoS, normalised by the number 

of word-level alignments. Initially, we also calculated label changes, a metric calculated 

using the same library (Vanroy et al., 2021), but only PoS changes are reported in the 

results as they are strongly correlated with label changes in this analysis (Spearman’s ρ 

= 0.76). For further details on the metrics of syntactic equivalence, see Vanroy et al. 

(2021). 

The results obtained by Hansen & Esperança-Rodier (2022) and Schumacher (2025) 

converge here. They concluded that there are higher absolute numbers of PoS changes 

in HT in comparison to MT and HPE. However, they did not report this metric normalised 

by the number of word-level alignments or words in source and target. 

3.3.6 Expanding ratio 

The expanding ratio (ER) measures the difference in word count between the target and 

source text, normalised by the word count of the source text (Cochrane, 1995), as shown 

in Formula (5). In comparison with the length ratio (Toral, 2019), Volkart & Bouillon 

(2023) mention that the ER has the advantage of considering the source text length. 

Translation agencies generally expect ERs of between 20 and 25% in the English-to-

French translation direction (De Clercq et al., 2021). 

𝐸𝑥𝑝𝑎𝑛𝑑𝑖𝑛𝑔 𝑟𝑎𝑡𝑖𝑜 =  
#𝑤𝑜𝑟𝑑𝑠𝑇𝑇 − #𝑤𝑜𝑟𝑑𝑠𝑆𝑇

#𝑤𝑜𝑟𝑑𝑠𝑆𝑇

 ×  100    (5) 

Studies comparing HT and HPE have obtained different results, finding higher 

(Martikainen & Kübler, 2016; Schumacher, 2025), lower (Volkart & Bouillon, 2022), and 

either higher or lower — depending on the corpus — (Volkart & Bouillon, 2023) ERs in 

HT than in HPE. Conclusions are similar when comparing MT and other translation 

modalities, with ER being either higher (Hansen & Esperança-Rodier, 2022) or lower 

(Martikainen & Kübler, 2016) in MTs as compared to HTs. 

3.4 Statistical testing 

A Shapiro-Wilk test (α = 0.05) was used to assess the normality of each feature across 

editorials, depending on the MT engine and prompt. Only MATTR-100 was non-normal 

for APE using P3, with all other scores being normally distributed. 

In order to compare MT to APE and pairs of APE prompts or MT systems, we ran 

Holm-corrected Student’s paired t-tests where applicable, i.e. when the normality of the 

differences was confirmed. In the few instances where that was not the case, a Wilcoxon 

signed-rank test was used. We also ran bootstrap resampling (n = 5,000 iterations, 95% 

confidence interval in all cases) to support the results of the significance tests. To 

compare the ER between MT and APE across prompts and underlying MT systems, we 
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had to rely on bootstrap resampling only as there were not enough pairs for a signed-

rank Wilcoxon test to establish significance. 

We report effect size using Hedges’ g and not Cohen’s d as it is more accurate when 

the sample size is small (Hedges & Olkin, 2014). For reference, values of 0.2, 0.5, and 

0.8 are generally considered to indicate small, medium, and large effects respectively 

(Cohen, 2013). 

4. Results 

In this section, we report the differences for each linguistic metric i) between MT and 

APE across prompts and the underlying MT systems; ii) between MT and APE by underlying 

MT system; and iii) between APE prompts across MT systems.  

4.1 Lexical density 

Considering only the translation stage, lexical density increased significantly between MT 

and APE according to a Wilcoxon signed-rank test (p < 0.002). When also taking the MT 

system underlying APE into account, Holm-corrected Student’s paired t-tests indicate all 

prompts consistently led to a significant increase in lexical density for MTs produced 

using DeepL (p < 0.01) and GPT4o (p < 0.02), with a very large effect size (Hedges’ g ≈ 

2.7 and 1.8 respectively). On the other hand, there was no significant difference when 

APE was based on MTs from GTrans, which we attribute to their higher lexical density 

before the APE step. Bootstrap resampling corroborated these results. 

 Lexical density  

MT system Raw MT APE Δ vs raw MT 

DeepL 0.5225 0.56 +7.2%⋄ 

GPT-4o 0.5369 0.5525 +2.9%† 

GTrans 0.5481 0.5555 +1.3% 

Table 1: Mean lexical densities in raw MT and APE (all prompts) and the relative percentage difference 

between MT and APE, by MT system underlying APE. ⋄ indicates significance at p < 0.01 and † 

indicates significance at p < 0.05. Holm-corrected Student’s paired t-tests were used for all pairs. 

Between pairs of prompts across MT systems, the lexical density differences were 

largest between P1 and P3 (P1 > P3): mean difference ≈ 0.024 (mean = 0.568 in P1 vs 

0.544 in P3) (bootstrap resampling with 95% CI [0.014, 0.035]) and large effect size 

(Hedges’ g = 1.06). Lexical density was also significantly higher in P2 than in P3, albeit 

to a lesser extent (mean difference ≈ 0.12, Hedges’ g = 0.63). There was no significant 

difference between P1 and P2. Thus, the starkest difference was between the least 

constrained prompt (P1) and the most constrained prompt (P3). 
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4.2 MATTR 

Similarly to the case of lexical density, there was a significant increase (Holm-corrected 

Student’s paired t-test, p < 0.001) in MATTR-100 between the raw MTs and the 

automatically post-edited texts across all prompts and underlying MT systems. However, 

when considering the MT system underlying APE, MATTR-100 significantly increased (p < 

0.02) between the MT and APE steps only when DeepL underlay APE, while no significant 

difference was found when using GPT4o and GTrans according to the Holm-corrected 

Student’s paired t-test. However, looking at bootstrapping results, statistical significance 

was achieved for TTR and MATTR-100 in all cases. Effect sizes (0.78 for GPT4o and 0.89 

for GTrans) also suggest the Holm-corrected Student’s paired t-tests failed to reach 

significance as they were quite conservative and the sample size was small. 

 

 TTR Δ vs MT MATTR-100 Δ vs MT 

MT 0.4907 / 0.7507 / 

P1 0.5247 +6.9%* 0.7707 +2.7%* 

P2 0.5213 +6.2%* 0.768 +2.3%* 

P3 0.5087 +3.7%⋄ 0.7573 +0.9%⋄ 

Table 2: Mean TTR and MATTR-100 and the relative percentage difference between MT and each APE 

prompt across underlying MT systems. * indicates significance at p < 0.001 and ⋄ indicates significance 

at p < 0.01. Holm-corrected Student’s paired t-tests were used for all pairs except MATTR-100 (MT vs 

P3), for which a Wilcoxon signed-rank test was used as the assumption of the normality of the 

differences was not met (Shapiro-Wilk, α = 0.05). 

 

As seen in Table 2, all prompts significantly increased TTR and MATTR-100 across 

MT systems, but the less constrained P1 and P2 did so to a larger extent. The results 

of Student’s paired t-tests (Wilcoxon signed-rank test for TTR in P1 vs P2) mirror those 

obtained for lexical density: both P1 and P2 led to significantly higher TTR (p < 0.02) 

and MATTR-100 (p < 0.001) than P3, with large effect sizes (Hedges’ g > 0.8), while there 

was no significant difference between P1 and P2. This was confirmed by bootstrapping 

results. Looking at Figure 1, a pattern emerges: the less constrained the prompt, the 

higher the lexical metrics. 
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Figure 1: Lexical metrics in the automatically post-edited editorials by prompt 

4.3 SACr 

The Student’s paired t-tests with Holm correction did not reveal a significant difference 

in normalised SACr between MT and APE across the underlying systems and prompts. 

However, the effect size was high (Hedges’ g = 1.01) and bootstrap resampling suggested 

significant differences (95% CI, [0.014, 0.0637]). Sample size could therefore be the 

reason for the insignificant results of the t-test. Subsequently, even though Holm-corrected 

Student’s paired t-tests and Wilcoxon signed-rank tests did not show any significant 

effect of the underlying MT system, bootstrap resampling showed that APE based on 

GPT4o led to higher normalised SACr than APE based on GTrans (95% CI, [0.014, 0.034]). 

The effect size was large (Hedges’ g = 1.39). 

 Unnormalised SACr Δ vs MT Normalised SACr Δ vs MT 

MT 2,172 / 0.1637 / 

P1 2,990 +37.7%⋄ 0.2134 +30.4%⋄ 

P2 2,790 +28.5%⋄ 0.2017 +23.2%⋄ 

P3 2,408 +10.9%† 0.1859 +13.6%† 

Table 3: Sums of raw SACr, mean normalised SACr, and relative percentage differences between MT 

and each APE prompt across underlying MT systems (15 texts). ⋄ indicates significance at p < 0.01 

and † indicates significance at p < 0.05. Holm-corrected Student’s paired t-tests were used for all MT-

APE pairs. 

As can be seen in Table 3, between prompts and across underlying MT systems, 

normalised SACr differences were highest between P1 and P3, but neither Holm-corrected 

Student’s and Wilcoxon tests nor bootstrapping revealed significant differences between 

prompts. However, in terms of raw SACr, differences were significant in P1 vs P3 and P2 

vs P3 according to both Holm-corrected Student’s paired t-tests (p < 0.05) and 

bootstrapping results, but not in P1 vs P2. As with lexical metrics, the less constrained 

prompts led to lower normalised SACr and fewer alignment crosses (P1 > P2 > P3). We 
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hypothesise that the lack of significance for the normalised SACr is due to the alignment 

method potentially flattening out differences between prompts in the normalised SACr, 

as described in Section 3.3.3 SACr. 

4.4 ASTrED 

In the editorials, normalised ASTrED scores were significantly higher in APE than in MT 

across underlying MT systems and prompts, according to Holm-corrected Student’s paired 

t-tests (p < 0.05) and bootstrap resampling (95% CI, [0.043, 0.101]). According to Student’s 

and Wilcoxon tests, the underlying MT system did not affect ASTrED scores. However, 

this may once again be due to the small sample size as bootstrapping showed DeepL-

based APE to obtain significantly lower ASTrED than GPT4o-based and GTrans-based 

APE, with close-to-large and large effect sizes (mean difference = 0.028 and 0.05; Hedges’ 

g = 0.7 and 1.74 respectively). This may be because GPT4o and GTrans MTs had slightly 

higher normalised ASTrED (0.618 and 0.612) than DeepL MTs (0.601). GPT4o MTs, despite 

having higher ASTrED, led to lower ASTrED than GTrans MTs after the APE step (mean 

difference = -0.022; Hedges’ g = 0.68). 

 Unnormalised ASTrED Δ vs MT Normalised ASTrED Δ vs MT 

MT 5,613 / 0.5366 / 

P1 6,180 +10.1%* 0.6236 +16.2%* 

P2 6,267 +11.7%* 0.6266 +16.8%* 

P3 5,674 +1.1% 0.5743 +7%⋄ 

Table 4: Sums of raw ASTrED, mean normalised ASTrED, and relative percentage differences between 

MT and each APE prompt across underlying MT systems (15 texts). * indicates significance at p < 

0.001 and ⋄ indicates significance at p < 0.01. Holm-corrected Student’s paired t-tests were used for 

all MT-APE pairs except ASTrED (MT vs P3), for which a Wilcoxon signed-rank test was used as the 

normality of differences was violated (Shapiro-Wilk, α = 0.05). 

Similarly to the case of lexical metrics, Holm-corrected Student’s paired t-tests revealed 

that P1 and P2 resulted in significantly higher normalised and unnormalised ASTrED than 

P3 (p < 0.05), with large effect sizes (Hedges’ g > 0.8). No significant difference was 

found between P1 and P2 in terms of ASTrED. 

4.5 Part-of-speech changes 

As with ASTrED, the Holm-corrected Student’s t-tests and bootstrapping showed that APE 

led to more PoS changes than MT across underlying MT systems and prompts (p < 0.05; 

95% CI, [0.005, 0.014]). Student’s paired t-tests and bootstrapping did not reveal any 

significant difference in normalised or unnormalised PoS changes according to the MT 

system underlying APE. 
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 Unnormalised PoS Δ vs MT Normalised PoS Δ vs MT 

MT 1,790 / 0.1371 / 

P1 1,851 +3.4% 0.1403 +2.4% 

P2 2,032 +13.5%* 0.1527 +11.3%* 

P3 1,901 +6.2%⋄ 0.1465 +6.9%* 

Table 5: Sums of PoS changes, mean normalised PoS changes, and relative percentage differences 

between MT and each APE prompt across underlying MT systems (15 texts). * indicates significance at 

p < 0.001 and ⋄ indicates significance at p < 0.01. Holm-corrected Student’s paired t-tests were used 

for all pairs. 

 

In contrast to all other lexical and syntactic metrics, P2 achieved the highest normalised 

and unnormalised PoS changes, while P1 obtained the lowest scores. Differences in 

normalised PoS changes were significant only between P1 and P2 according to Holm-

corrected t-tests (p < 0.001) and bootstrapping between the pair (95% CI, [-0.017, -0.008]). 

 
Figure 2: APE prompt effect on metrics of syntactic equivalence across MT systems underlying APE 

4.6 Expanding ratio 

Bootstrap resampling results showed the ER to be significantly lower in APE when 

compared to MT (i.e. the APE step shortened the raw MT) (95% CI, [-9.41, -4.97]), but it 

should be noted that the ER varied more in APE than in MT. According to Holm-corrected 

Student’s paired t-tests, the MT system underlying APE did not affect the ER significantly, 

but bootstrapping results hinted at the output of DeepL-based APE being longer than 

that of GPT4o-based APE on average (95% CI, [0.91, 10.82]). 

 

 Mean expanding ratio 
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MT +14% 

P1 +7.72% 

P2 +11.98% 

P3 +7.97% 

Table 6: Mean expanding ratio in MTs and APE across MT systems 

Although the mean ER was lowest in P1, Student’s t-tests and bootstrapping results 

on pairs of prompts only showed a significant difference in P2 vs P3 (paired t-test: p < 

0.05; bootstrapping mean difference = 3.95) because of the higher variance in ERs for 

P1. The least constrained prompt, P1, reduced the ER the most in comparison to the 

raw MTs, but the most constrained prompt, P3, lowered the ER to a similar extent. 

Therefore, the main takeaway is that, on average, all prompts reduced the ER significantly 

in the APE step. 

5. Automatic evaluation 

As well as calculating differences in linguistic metrics, we investigated the impact of the 

APE step in terms of document-level COMETKiwi (Rei et al., 2022b) scores, computed as 

the mean of the sentence-level scores for each text, and whether any prompt led to 

significantly higher COMETKiwi scores than the others. Before computing the COMETKiwi 

scores using wmt22-cometkiwi-da, we manually realigned the source editorials and the 

translations at the sentence level to account for sentence splits and merges during the 

APE step as accurately as possible. After confirming the normality of the differences 

between COMETKiwi in the raw MTs and in the automatically post-edited texts using a 

Shapiro-Wilk test, we ran Holm-corrected Student’s paired t-tests between the raw outputs 

and the post-edited outputs. 

 Mean COMETKiwi 

MT 87.35 

P1 84.79 

P2 86.17 

P3 86.90 

Table 7: Mean COMETKiwi scores in the raw MT and by prompt across MT systems 

Even though the power of the test was low, differences in COMETKiwi scores 

between MT and APE were borderline significant (p = 0.057). As the effect size was 

large (Hedges’ g = 0.95), we ran bootstrap resampling, which supported significantly 

higher COMETKiwi scores in MT as compared to APE (95% CI, [0.59, 2.41]). This is 
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quite surprising as the APE step increased COMETKiwi scores in Chen et al. (2024) 

(from English) and Raunak et al. (2023). The difference may be due to the language 

pair, as the English-to-French direction was not investigated in those studies. It should 

also be noted that despite this difference, the mean COMETKiwi score for APE exceeds 

85 and still indicates high content preservation in the automatically post-edited 

editorials. 

Regarding differences between the prompts, we used a Friedmann test and 

bootstrap resampling since the normality of difference scores was not met for the 

P2 vs P3 pair and the sample size was too low for a Wilcoxon test to assess 

statistical significance. The Friedmann test revealed that the prompt used significantly 

affected COMETKiwi scores (p < 0.01). Bootstrap resampling on the three pairs of 

prompts indicated a trend for COMETKiwi scores opposite to that of lexical metrics 

and SACr: the more constrained the prompt, the higher the COMETKiwi scores (P1 < 

P2 < P3). 

Kocmi et al. (2024) calculated that a difference of 1.18 in COMETKiwi-22 scores 

is also perceived by human evaluators in > 95% of cases. This rule of thumb implies 

that the difference between P1 and P3 (95% CI, [-2.94, -1.38]) is such that human 

evaluators would nearly always agree that P3 is better. That may not apply to APE, 

though, as COMETKiwi was developed for MT evaluation and might not be able to 

take into account more complex changes occurring in APE (see next section). 

6. Qualitative differences in MT and APE 

In order to see how the differences in metrics translate into qualitative changes, here 

we take a closer look at two excerpts from machine-translated and automatically post-

edited editorials with mean metrics scores differing by a large margin. In the tables, we 

report the stage (source, MT or APE), the MT system, the prompt, and the text-level 

metric involved. 
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 Source 

/ 

/ 

 

There are already signs of this happening to the EU reset. […] 

There is also lingering suspicion that the underlying trend of 

Euroscepticism in British political culture […] 

When even compromise was treated as aggression there was less 

reason to make concessions. 

a. MT 

GTrans 

/ 

ASTrED = 0.530 

Il y a déjà des signes que cela se produit dans le cadre de la 

réinitialisation de l'UE. […] 

Il existe également un soupçon persistant selon lequel la 

tendance sous-jacente à l’euroscepticisme dans la culture 

politique britannique […] 

Lorsque même un compromis était traité comme une agression, 

il y avait moins de raisons de faire des concessions. 

b. APE 

GTrans 

P3 

ASTrED = 0.622 

Des signes montrent déjà cette dérive dans la réinitialisation des 

relations avec l'UE. […] 

Un soupçon persistant demeure : la tendance sous-jacente à 

l'euroscepticisme dans la culture politique britannique […] 

Lorsque même un compromis était perçu comme une agression, 

les incitations aux concessions disparaissaient. 

c. APE 

GTrans 

P2 

ASTrED = 0.735 

Des signes précurseurs de cette dynamique se manifestent déjà 

dans le cadre de la réinitialisation des relations avec l'UE. […] 

De plus, une méfiance persistante subsiste quant à l'influence 

durable de l'euroscepticisme enraciné dans la culture politique 

britannique […] 

Lorsqu'un simple compromis est perçu comme une capitulation, 

les incitations à faire des concessions s'amenuisent. 

Table 8: Source text, machine translation (GTrans), and two automatically post-edited versions 

(P3 and P2) 

The editorial to which Table 8 refers features three instances of existential 

constructions (there is/are), which Farrell (2018) identified as an MT marker. All three 

are translated literally in the MT (a.), while all of them are rephrased in APE (in bold), 

which is in line with Farrell’s (2023) results and consistent with normalised ASTrED values: 

APE led to fewer literal translations of the existential constructions, among others. 

Results from Macken (2024) also seem to apply. While the automatically post-edited 

versions correct some MT errors or improve the style (italics), they also introduce 

undesirable corrections or errors (underlined). For instance, in b., “incitation aux 

concessions” flows better than “raisons de faire des concessions” but, when linked to 

“disparaissaient”, does not render the meaning correctly. In c., “euroscepticisme enraciné” 

suits the editorial style well, but “influence” does not have the same meaning as 

“tendance”. On the one hand, in both b. and c., “réinitialisation des relations avec l'UE” 

is clear, whereas the MT output “réinitialisation de l'UE” is unclear and misleading. On 
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the other hand, in the last sentence of c., the simple past is replaced by the present 

tense and “aggression” is translated as “capitulation”, which is not appropriate. Also, 

while avoiding existential constructions can be considered appropriate, “[u]n soupçon 

persistant demeure” (b.) and “une méfiance persistante subsiste” (c.) are both pleonastic 

as the verb replacing the existential construction already refers to a long duration and 

makes “persistant[e]” superfluous. 

 Source 

/ 

/ 

/ 

Italy's divided opposition: a Five Star revolution can help unite 

the left […] 

Mr Grillo's fall from grace, rejected by the movement he set up 

to such remarkable effect, carries an element of pathos. […] 

A reinvigorated M5S, minus Beppe Grillo, could begin to redress 

the balance. 

a. MT 

DeepL 

/ 

MATTR = 0.74 

ASTrED = 0.52 

L'opposition italienne divisée : la révolution des Cinq Étoiles peut 

aider à unir la gauche […] 

La déchéance de M. Grillo, rejeté par le mouvement qu'il a créé 

avec un effet si remarquable, comporte un élément de pathos. 

[…] 

Un M5S revigoré, sans Beppe Grillo, pourrait commencer à 

rétablir l'équilibre. 

b. APE 

DeepL 

P3 

MATTR = 0.75 

ASTrED = 0.53 

L'opposition italienne divisée : la révolution des Cinq Étoiles 

pourrait contribuer à unir la gauche […] 

Le déclin de M. Grillo, rejeté par le mouvement qu'il a lui-même 

fondé avec un succès remarquable, contient une part de pathos. 

[…] 

Un M5S rajeuni, sans Beppe Grillo, pourrait commencer à rétablir 

l'équilibre. 

c. APE 

DeepL 

P1 

MATTR = 0.79 

ASTrED = 0.59 

L'opposition italienne divisée : une révolution des Cinq Étoiles 

pour unir la gauche […] 

La disgrâce de Grillo, rejeté par le mouvement qu’il avait 

propulsé au sommet, a une dimension tragique. […] 

Un M5S renouvelé, débarrassé de l’ombre de Beppe Grillo, 

pourrait contribuer à rééquilibrer le paysage politique italien. 

Table 9: Source text, machine translation (DeepL), and two automatically post-edited versions 

(P3 and P1) 

In Table 9, a. and b. are literal translations almost throughout (bold). Macken’s (2024) 

observation that GPT-APE tends to feature a lot of synonyms and preferential changes 

seems to apply in b. (italics), an editorial generated using a prompt close to the one 

Macken herself used. When looking at the differences between a. and b., nearly all 

changes are replacements with synonyms. 
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In contrast, c. was generated using the least constrained APE prompt and most of 

the changes made seem appropriate. In the title, the prepositional clause “pour unir” has 

more impact and flows better than the more literal translations in a. and b. The tone 

and style are better suited to editorials (“débarrassé de l’ombre de”). Rephrasing is more 

idiomatic (“dimension tragique”, “propulsé au sommet”). Lengthening out “redress the 

balance” to “rééquilibrer le paysage politique italien” (back translation: “rebalance the 

Italian political landscape”) in the last sentence seems an appropriate way to conclude 

the editorial. Lastly, “renouvelé” best renders the meaning of “reinvigorated” in context, 

i.e. the need for new voices in the party. 

7. Discussion 

In this paper, we computed automatic metrics of lexical diversity and syntactic equivalence 

for machine-translated and automatically post-edited editorials, before conducting quality 

estimation using COMETKiwi. Regarding RQ1, our results seem to show that APE leads 

to an increase in linguistic metrics across the board (and a decrease in ER) compared 

to raw MT, especially when using less constrained prompts. In particular, as reported in 

Macken (2024), there was a general increase in MATTR in GPT-APE as compared to MT. 

The differences observed between the human reference and MT in Hansen & Esperança-

Rodier (2022) appear similar to those found between APE and MT, with metrics of 

syntactic equivalence and MATTR all increasing in APE relative to MT. This may suggest 

that APE brings MT outputs closer to HT in terms of linguistic metrics and supports a 

positive answer to RQ2. The co-occurring increase in lexical density and decrease in ER 

might also indicate more conciseness in APE. However, additional qualitative research, 

which we will leave for future work, is needed to assess whether the lower ER in APE 

results from omissions or from more concise rephrasing without information loss. 

As for differences between prompts (RQ3), our results indicate that P1 > P2 > P3 for 

both lexical density and lexical diversity. To a degree, two of the three metrics of 

syntactic equivalence follow a similar pattern: P1 > P3 and P2 > P3, with no significant 

difference between P1 and P2. PoS changes seem to behave differently to ASTrED and 

SACr in the automatically post-edited versions, as P2 leads to the most PoS changes. 

This might be because SACr and ASTrED are more strongly affected by sentence 

reordering, while PoS changes also capture lexical transformations such as nominalisation, 

which do not necessarily involve an extensive reorganisation of the sentence structure 

and might be encouraged by the specific request for lexical and syntactic variety in P2. 

The most constrained prompt generally yields lower linguistic metrics, which we 

hypothesise might be due to additional information in the prompts hindering the editing 

freedom of the model, even though P2 specifically asks for lexical and syntactic variety. 

This mirrors the results obtained by Du et al. (2025), whose most generic prompt led to 

more creative GPT-generated MTs than a prompt explicitly requesting creativity. 

Overall, COMETKiwi scores seem to show an inverse relationship to linguistic metrics 

in APE (RQ4), as the simplest prompt, which generally leads to higher lexical and syntactic 
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metrics, obtains markedly lower COMETKiwi scores. However, at the text level, we noticed 

a few cases of APE in which the semantic content from one source sentence was split 

across two target sentences, which probably resulted in lower COMETKiwi scores as they 

are calculated at the sentence level. We also hypothesise that even state-of-the-art 

quality estimation metrics such as COMETKiwi can be biased against extensive lexical or 

syntactic changes possibly brought about in the APE step, even at the sentence level. In 

addition to the undesirable edits described in Section 6. Qualitative differences in MT 

and APE, this could be another reason for the lower COMETKiwi scores in the 

automatically post-edited texts. It could also partly explain why P1, which ranks highest 

for lexical metrics and SACr and statistically ties for the highest ASTrED, achieves the 

lowest COMETKiwi scores, while the opposite is true for P3. An example supporting that 

hypothesis can be found in the COMETKiwi scores for the automatically post-edited 

sentence from Table 9 “Mr Grillo’s fall from grace, rejected by the movement he set up 

to such remarkable effect, carries an element of pathos”: APE in response to P1, although 

correct and arguably more idiomatic and stylistically appropriate, results in a much lower 

COMETKiwi score (77.48) than APE in response to P3 (84.64), which can sound overly 

literal. 

Kocmi & Federman (2023a) found that less constrained prompts yielded better results 

as part of translation evaluation using LLMs. Puppel & Borg (2024) reported similar 

results when using ChatGPT in creative text MT: the simplest prompt achieved the best 

overall quality score as measured with an adapted DQF-MQM score (Lommel, 2018), but 

more constrained prompts reduced fluency and style errors. This somewhat contrasts 

with our results, as COMETKiwi scores are lowest for P1 while the prompt seems to lead 

to more adequate stylistic changes in a few qualitative examples. However, LLMs may 

behave differently when used for MT or APE, and evaluation methods differ in both 

studies, preventing any fair comparison. Similarly, language pairs differ, which can 

substantially impact performance. 

In the few qualitative examples we presented, differences in metrics of syntactic 

equivalence between MT and APE translated into more idiomaticity and fluency in the 

French editorials (RQ5). This is consistent with prior findings that APE increases 

naturalness and fluency (Chen et al., 2024; Kunilovskaya et al., 2024; Li et al., 2025), 

but a thorough, larger-scale analysis is needed to provide more conclusive evidence. 

Many instances of undesirable syntactic calques in MT were adapted into more natural 

sentences in APE, but the output still needs human attention as unidiomatic parts remain. 

Furthermore, as Macken (2024) concluded, while APE solved some MT errors, other 

changes introduced errors where the MT was correct. One could also argue that some 

of the replacements with synonyms have little to no added value. 

8. Conclusion 

In this case study, we computed metrics of lexical diversity and syntactic equivalence 

for editorials machine-translated from English to French and automatically post-edited, 
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using three MT systems and three increasingly constrained prompts. We also computed 

COMETKiwi scores and examined some qualitative examples. 

According to our results, the APE step consistently increases lexical and syntactic 

diversity, but prompting strategies lead to significant differences: for most linguistic 

metrics, the simpler the prompt, the higher the score. Our qualitative analysis shows that 

the increased lexical or syntactic metrics in the automatically post-edited excerpts seem 

to be linked to fewer syntactic calques and more appropriate word choice. This reinforces 

the idea that, when it comes to prompting, “less can be more”. Nevertheless, it remains 

to be seen whether the same trends also apply to other text types and language pairs 

in APE. 

Conversely, COMETKiwi scores are lower in APE in all the cases analysed, with less 

constrained prompts leading to lower scores. More qualitative research is needed to 

assess whether the similar behaviour of the linguistic metrics translates into similar 

editing patterns in APE and HPE or HT, and whether the lower COMETKiwi scores are 

due to lower content preservation or to a bias against lexical and syntactic variety. 

As Kunilovskaya et al. (2024) and Chen et al. (2024) have pointed out, readers may 

prefer translations that better reflect target language patterns and are more natural, i.e. 

with lower levels of translationese, which emphasises the need for research in 

translationese mitigation. Amidst the growth of post-editing, MT, and AI on the market 

(ELIS, 2025), maintaining naturalness and variety to some extent may become a concern 

and help avoid any target language impoverishment on a broader scale (Farrell, 2018; 

Niu & Jiang, 2024; Volkart & Bouillon, 2024). This is all the more important since 

translations can be reused for training purposes, reinforcing translationese patterns. 

We leave two research avenues for future work. The first, much like in Macken’s (2024) 

case, consists of a thorough qualitative analysis of the changes made in HPE and APE, 

in another language pair and domain, complemented with a human evaluation of fluency 

and idiomaticity. The second is a comparison of HPE from MT and from APE to investigate 

how post-editing effort and changes made differ in both methods, as well as whether 

any particular method leads to more effective machine translationese mitigation while 

preserving content. 

Our methodology has some limitations. We aimed to avoid any training of the GPT 

model on our source texts by working on recent editorials. Since we did not use an 

existing parallel corpus, no reference translation was available, which would have been 

interesting for comparison purposes. This is not the focus of this work, though. Also, as 

GPT is a black-box proprietary model that is regularly updated, there is no guarantee 

our results can be replicated, even using exactly the same data and prompts. Furthermore, 

Volkart & Bouillon (2023) have challenged the idea that post-editese features are 

universal. They have argued that such features may depend on many more factors 

(language pair and text type, among others) than just the translation mode. The texts 

used in this study, even though they were checked for representativeness within the text 
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type, are all editorials. Therefore, we assume our results only apply to APE of this text 

type, in the English-to-French direction, using the same MT systems and prompts. 
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Appendix 

Full corpus data, computed as described in Section 3.1 Source corpus and selected 

source texts. The selected editorials are in bold. 

Text ID Word 

count 

TTR MATTR-100 Lexical density Syntactic simplicity 

1O-EN GV 589 0.58 0.78 0.63 0.25 

1O-EN IV 735 0.45 0.69 0.50 -0.49 

1O-EN TV 501 0.49 0.75 0.55 0.10 

2O-EN GV 575 0.54 0.78 0.62 -0.57 

2O-EN IV 574 0.46 0.72 0.52 -0.15 

2O-EN TV 596 0.55 0.76 0.54 -0.66 

3O-EN GV 592 0.54 0.76 0.61 -0.29 

3O-EN IV 591 0.51 0.73 0.53 -0.40 

3O-EN TV 488 0.49 0.73 0.56 -0.16 

4O-EN GV 592 0.60 0.80 0.64 0.47 

4O-EN IV 544 0.47 0.71 0.54 -0.87 

4O-EN TV 466 0.58 0.75 0.60 0.24 

5O-EN GV 611 0.55 0.79 0.59 -0.06 

5O-EN IV 727 0.45 0.74 0.53 -0.77 

5O-EN TV 471 0.53 0.74 0.55 -0.80 

6O-EN GV 592 0.53 0.78 0.57 0.20 

6O-EN IV 750 0.47 0.74 0.50 -0.89 

6O-EN TV 479 0.57 0.77 0.58 -0.86 

7O-EN GV 569 0.54 0.78 0.57 -0.06 

7O-EN IV 745 0.52 0.78 0.55 -0.66 

7O-EN TV 462 0.55 0.78 0.58 0.17 

8O-EN GV 598 0.56 0.79 0.61 -0.10 
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8O-EN IV 592 0.49 0.73 0.51 -0.92 

8O-EN TV 458 0.57 0.79 0.59 -0.39 

9O-EN GV 573 0.58 0.79 0.61 0.46 

9O-EN IV 765 0.45 0.72 0.53 -0.13 

9O-EN TV 507 0.51 0.74 0.57 -0.12 

10O-EN GV 574 0.56 0.79 0.61 -0.81 

10O-EN IV 626 0.47 0.72 0.49 -0.97 

10O-EN TV 448 0.54 0.78 0.59 -0.23 

11O-EN GV 581 0.52 0.76 0.61 -0.43 

11O-EN IV 579 0.49 0.74 0.53 -0.18 

11O-EN TV 721 0.52 0.78 0.54 0.11 

12O-EN GV 592 0.54 0.77 0.59 -0.52 

12O-EN IV 564 0.56 0.78 0.61 0.28 

12O-EN TV 489 0.56 0.75 0.56 -0.11 

13O-EN GV 547 0.59 0.82 0.66 0.58 

13O-EN IV 602 0.46 0.76 0.54 -0.51 

13O-EN TV 493 0.54 0.80 0.59 0.64 

14O-EN GV 594 0.54 0.77 0.59 -0.12 

14O-EN IV 602 0.47 0.74 0.55 -0.32 

14O-EN TV 476 0.51 0.73 0.57 -0.88 

15O-EN GV 568 0.57 0.79 0.66 -0.98 

15O-EN IV 789 0.50 0.78 0.57 -0.87 

15O-EN TV 470 0.53 0.77 0.59 -0.17 

16O-EN GV 601 0.55 0.77 0.61 -0.13 

16O-EN IV 605 0.50 0.73 0.53 -0.48 

16O-EN TV 480 0.45 0.75 0.54 -0.70 
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Full prompt 3 (P3) used for the automatic post-editing: 

System prompt: 

You are a native French speaker with a good working knowledge of English. You are 

also an experienced post-editor of editorial translations from English into French. 

You know that every translation is a compromise between two goals: faithfulness to the 

meaning of the source text and faithfulness to the style of the original author. 

“Faithfulness to the meaning of the source text” means that the meaning of the target 

text must not differ from that of the source text. In other words, no meaningful elements 

of the source text should be arbitrarily omitted, added or distorted in the French 

translation. 

Therefore, you will notice any deviations in the French translations, including the following 

issues that make the given French translation not optimal: 

1. Meaningful words in the English source text that are not rendered in the French 

translation 

2. Meaningful words in the French translation that are not supported in the input 

3. Words in the French translation that do not convey the specific meaning of the 

corresponding word in the English source text 

You will identify and correct the above problems in the French translation, if present, in 

a way that improves the fluency of the translation. 

“Faithfulness to the style of the original author” in editorial translation implies that you 

sometimes have to think creatively to find solutions that are out of the ordinary, that 

go beyond the routine, while preserving the argumentative intentions or effects that are 

evident in the source text. 

You will identify any stylistic deviations in the French translation, if present, in a way 

that improves the style of the translation. 

Furthermore, as an expert translation post-editor, you will make sure that the following 

principles are followed when making improvements to the French translation: 

1. Do not edit the translation if the translation is faithful to the meaning of the 

source text and faithful to the style of the original author. 

2. If the translation is very poor, generate an improved translation from scratch. 

3. No corrections are made that add words or phrases in the translation that are 

not supported in the English source text. 

4. Capitalization in the translation strictly follows capitalization in the input. 

5. The translation contains the appropriate articles and determiners to follow the 

specifics in the input. 

6. No meaningful words are left untranslated in the final, improved translation. 

7. Do not add any extraneous words, phrases, clauses or sentences to the 

translation that are not supported by the input. 
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8. If the input begins with a non-capitalized word, the translation will begin with a 

non-capitalized word. 

9. Do not add end punctuations or full stops if they are not present in the source 

text. 

10. Do not assume that the source text contains “typos”; always err on the side of 

assuming that the presented input words are not typos. 

11. If the translation fails to convey the meaning of a large part of the input sentence, 

you include the translation for the missing part. 

User prompt: 

As an expert translation post editor, your task is to improve the French translation for 

the below English text. 

English text: 

[SRC] 

French translation: 

[MT] 

Say "Improved Translation:". Then output the French translation with proposed 

improvements that increase the faithfulness, fluency and style of the translation. 


