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Abstract. This study aims at assessing whether or not differences be-
tween human and post-edited machine translations, so-called post-editese
features, are common to all post-edited texts. We investigate the pres-
ence of four candidate post-editese features in corpora that include two
language pairs and three different machine translation systems to find
out whether or not different post-edited texts share the same charac-
teristics, regardless of other factors. Our results show that the language
pair, as well as the MT system, can have a great influence on these four
features, thereby going against the assumption that they are common to
all post-edited texts.
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1 Introduction

With the recent advances of neural machine translation (NMT), numerous lan-
guage service providers and professional translators are adopting machine trans-
lation post-editing as a new way of working. As a result, we are likely to be
increasingly exposed to machine-generated texts that are post-edited by human
translators. This major shift in the translation sector comes with its share of
questions. Some of them, such as the ones regarding the quality of machine
translation (MT) and post-editing (PE), have been widely studied, while oth-
ers, like questions of style, have garnered less attention. By studying the specific
characteristics of post-edited machine translations (PEMT), we hope to shed
light on these relatively unexplored areas. We focus on so-called post-editese
features and raise the question of their universal character.

We start by presenting the motivation and goal of our paper. We then sum-
marise our methodology and introduce our research question, corpora and met-
rics, before presenting our results. We end with some concluding remarks and
perspectives for future work.

2 Motivation and Goal

In recent years, numerous studies have attempted to analyse the characteris-
tics of PEMT in comparison with human translations (HT), employing various
methodologies and focusing on different phenomena, such as cognate translations
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or terminological variations [14], frequency of certain words or phrases [10], and
variation of translation solutions [9] (a more detailed description of these studies
and their primary results can be found in [13]). While these studies have yielded
promising results in terms of developing our understanding of post-edited lan-
guage, it remains difficult to generalise on the characteristics of post-edited texts,
due the variety of study designs and features under investigation. In an attempt
to establish a stronger theoretical and methodological framework for the study of
PEMT in contrast with HT, some researchers [3, 4, 7, 11] have decided to examine
the question through the prism of corpus-based translation studies (CBTS) and
the well-known concepts of translationese and translation universals (also some-
times called “universal features of translation”), as introduced by [1]. In 2017,
[7] put forward the notion of post-editese and defined it as “the expected unique
characteristics of a post-edited text that set it apart from a [human] translated
text”. Following this work, several researchers took part in the quest to identify
the universal features of post-edited texts (see [3, 4, 11, 13]).

These studies examine the metrics related to lexical richness or diversity,
lexical density and sentence length, among other features. [7] was unable to
prove the existence of post-editese, whether based on human judgement or on
automatic classification. On the other hand, [3, 4, 11, 13] have observed certain
significant differences between HT and PEMT. In [11], the investigated PEMT
corpora exhibit lower lexical richness and lexical density than their HT counter-
parts, as well as a sentence length that is closer to the source (with the exception
of one corpus). The hypotheses put forward by [4, 3] are in line with the work
of [11], but were not confirmed by all datasets. Similar hypotheses were also ad-
vanced by [13], with results confirming the conclusion drawn by [11] with regard
to lexical richness and density, but not sentence length.

We identified 3 main axes around which we can work to gain a deeper un-
derstanding of these phenomena. First, there is a quantitative axis. Since this
area of research is still in its infancy, studies are limited in numbers and scale,
making it difficult to generalise. In particular, there is a lack of studies on large
datasets. We therefore need large and reliable corpora of HT and PEMT in order
to study post-editese. Second, there is a methodological axis. A clear method-
ological framework for the study of post-editese still has yet to be defined. Corpus
type and size vary, as well as the metrics that are being used, which can be very
sensitive to independent factors and calculation methods [2]. It is therefore al-
most impossible to compare results between different studies. The question of
the type of corpus used (parallel or comparable) is also a determining factor in
post-editese research (for a discussion of this topic, see [12, 13]). Implementing a
clear methodological framework would clearly help advance studies in the field.
Finally, the third axis is related to the angle of study. The focus on finding sys-
tematic differences between texts based solely on the mode of translation (HT
vs PEMT) tends to take attention away from other possible factors. This is a
problem that has already been identified in CBTS in relation to the study of
translation universals [8]. As language is a multi-factorial product, it can be influ-
enced by a number of factors, and each of these factors, or combinations of them,
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can account for some of the differences observed. The influence of other poten-
tial factors (such as language pair, MT system, domain, and experience/status
of the post-editor) is often neglected in favour of the translation mode. Further-
more, the ultimate goal of identifying “universal” post-editese features diverts
the attention of researcher from post-editese features that are specific to certain
language pairs, domains and MT systems. We are therefore convinced that the
field would benefit from adopting a broader perspective.

With regard to the third axis, the aim of our work is to take a step back
from previous studies and interrogate the universal character of previously iden-
tified post-editese features by comparing them across different corpora. We also
attempt to address the first and second axes by working with several relatively
large corpora and applying the same methodology to all of them.

3 Methodology

3.1 Research Question

In this study, we compare HT and PEMT on different corpora with different lan-
guage pairs and different MT systems, in order to answer the following research
question:

Are we able to identify consistent features in post-editese across corpora with
different source languages, different domains and different MT systems?

In other words, post-editese features are examined while taking into account not
only the translation mode, but also the corpus, source language and MT system
as independent variables.

3.2 Corpus

Corpus design: Our experiment is based on two distinct corpora made up of
authentic translation jobs gathered from two different companies1. The design
of both corpora is identical and the same methodology was used to compile
them. CorpusDEfr contains professional translations from German into French
gathered from an insurance company based in Switzerland. CorpusENfr also
contains professional translations, but from English into French, which originate
from a sports organisation, also based in Switzerland.

Both corpora consist of two sub-corpora of the same size, one made up of
PEMT segments and the other made up of HT segments. For each sub-corpora,
we have access to source and target segments2. For CorpusENfr, PEMT segments
were all produced using the same MT system (a customized NMT engine), while
1 For a discussion of the advantages and limitations of working with authentic data,

see [13].
2 For PEMT, we only have access to the final post-edited segments, as raw MT is not

saved during the translation process.
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for CorpusDEfr, PEMT segments were produced using three different generic
NMT systems. For each language pair, HT and PEMT sub-corpora are assumed
to be comparable. Indeed, they contain the same type of texts, translated in the
same context and by the same team of translators.

Corpus creation methodology: The first step in corpus creation consists
of gathering human and post-edited translation material. Data was gathered
in the form of translation memories and the translations were all produced by
professional translators in their usual working environment.

Once the material had been gathered, the following pre-processing steps were
applied:

– Extraction of the translated content (source and target, segment by segment)
– Identification and subdivision of HT and PEMT segments
– NER (Named entity recognition) tagging and anonymisation (only for the

CorpusDEfr)3
– Cleaning steps (removing urls, non alphabetical segments, potential personal

information, etc.)
– Identification and deletion of duplicate segments
– Sampling by source segment length (removing segments shorter than 6 tokens

and longer than 40 tokens)
– Random sampling to obtain the same size for both translation modes (HT

and PEMT).

Through this pre-processing, we seek to attain clean and comparable sub-
corpora (HT and PEMT) for each corpus/language direction. Figures 1 and 2
present the structure of each corpus as well as the number of tokens for each
corpus and sub-corpus.

3.3 Metrics

Below, we present, the four different metrics selected for this experiment. The
first three (or variants of them) are commonly used to identify post-editese. To
the best of our knowledge, the fourth metric has never been used to investigate
post-editese.

Type token ratio variation between source and target (TTRvar): Type-
token ratio (TTR) is a metric that is commonly used in the study of post-editese,
it reflects the lexical richness of a text or corpus. It is computed by dividing the
number of unique words by the total number of words [2]. Given that HT and
PEMT target corpora are derived from different source corpora, target TTR
scores cannot be directly compared and we have to take into account potential
differences in TTR scores between the sources [13]. We therefore decided to
compute and compare the percentage of variation between source and target in
3 The anonymisation was required by the corpus provider.
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CorpusDEfr
HT

Source (110 187) Target (142 506)

PEMT

Source (109 161) Target (138 960)
MT system 1 (32 409)

MT system 2 (46 082)

MT system 3 (30 670)

MT system 1 (41 804)

MT system 2 (58 478)

MT system 3 (38 678)

Fig. 1. CorpusDEfr structure. Number of tokens for each corpus/sub-corpus
is indicated between parentheses.

HT

Source (39 741) Target (49 247)

PEMT

Source (41 801) Target (51 431)

CorpusENfr

Fig. 2. CorpusENfr structure. Number of tokens for each corpus/sub-corpus
is indicated between parentheses.

both translation modes and refer to this score as TTRvar. The TTRvar score is
computed as follows:

TTRvar =
TTRtarget − TTRsource

TTRsource
× 100

A negative TTRvar means that, for the given language pair, the target ex-
hibits a lower TTR than its source counterpart.

Lexical density variation between source and target (LDvar): Lexi-
cal density corresponds to the number of lexical words (verbs, adverbs, nouns,
proper nouns and adjectives) divided by the total number of words [11]. Post-
editese studies often include this score as a measure of the amount of information
contained in a text [11, 4]. Again, the influence of the source corpora has to be
taken into account when comparing lexical density. Hence, we compute the per-
centage of variation of LD between source and target (LDvar), based on the
same formulae as for TTRvar. Here again, a negative score indicates that the
target has a lower LD than its source counterpart.

Expanding ratio (ER): Measurements related to sentence length are also
often part of post-editese studies, either in the form of mean sentence length [3],
length ratio [11] or expanding ratio [10, 13]. We opted for the latter, given that
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it is a percentage that reflects the sentence length variation between source and
target, as measured in words [6, 5], thus fulfilling the need to take into account
source variability. It is computed using the following equation:

ER =
Lengthtarget − Lengthsource

Lengthsource
× 100

A positive ratio means that the target segment is longer than the source.

Parsing height variation (Parsvar): The parsing height corresponds to the
maximum height of the dependency parsing tree at sentence level. It is computed
by counting the maximum number of heads of each sentence’s dependency pars-
ing tree. Parsvar score corresponds to the percentage of variation in parsing
height between source and target. It is computed in the same way as TTRvar
and LDvar. We consider the Parsvar score to be an indicator of sentence struc-
ture similarity between source and target. We assume that when Parsvar is close
to zero (that is, the parsing tree of source and target are of the same height),
source and target are more likely to have similar syntactic structures.

Metrics are computed for both corpora and for each sub-corpora (HT and
PEMT). Segments are shuffled (to avoid the influence of different topics) and
grouped into chunks of 75 sentences. TTRvar and LDvar are computed at chunk
level and ER and Parsvar are computed at sentence level and averaged on chunk
level. All metrics are computed using ad hoc python scripts. Parsing and tagging
are performed using SpaCy’s English, French and German small models4.

4 Results

4.1 Results across corpora

In this subsection, we compare the results obtained for CorpusDEfr and Cor-
pusENfr. Our goal is to establish whether or not consistent signs of post-editese
can be found across corpora with different source languages.

TTRvar: Figure 3 presents TTRvar scores for HT and PEMT for CorpusDEfr
and CorpusENfr. Scores are negative for all corpora and sub-corpora, indicating
that the translation step results in a drop of TTR scores for both language pairs
and translation modes. We also remark that with both corpora, the drop in TTR
scores is less important for PEMT than for HT (however, this difference is only
significant for CorpusDEfr (p<0.0015)).

4 https://spacy.io/models
5 For all metrics, statistical significance was tested using the Mann-Whitney non-

parametric test, as data is not normally distributed. Extreme outliers were removed
for plotting and significance testing
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TTRvar differences between HT and PEMT are consistent across our corpora
and reveal a tendency toward higher lexical richness in PEMT, as shown by the
lower drop in TTR score. It is worth noting that this result contradicts what has
been observed in previous studies, where the loss of lexical richness is generally
shown to be more important in PEMT [11, 12].

LDvar: Similarly to TTRvar, the LDvar scores presented in Figure 4 indicate
a tendency toward a loss of lexical density during translation for both corpora
and translation modes. For CorpusDEfr this loss is more important in PEMT
than HT (significant at p<0.05), which is in line with the findings of previous
studies and supports the hypothesis that PEMT produces simpler translations
[11]. However, this tendency is not confirmed for CorpusENfr, where the loss of
LD is more important in HT.

In terms of LDvar, the differences observed between HT and PEMT are not
consistent across corpora.

Fig. 3. TTRvar scores for HT and
PEMT for CorpusDEfr and Cor-
pusENfr

Fig. 4. LDvar scores for HT and
PEMT for CorpusDEfr and Cor-
pusENfr

ER: Figure 5 presents the ER scores for both corpora. Scores are all positive,
which indicates that target segments are longer than their source equivalent in
both corpora. In CorpusDEfr, PEMT exhibits a lower ER than HT, meaning
that for a given source segment length, the target tends to be shorter in PEMT
(significant at p<0.001). This tendency is not confirmed in CorpusENfr, where
no significant difference between HT and PEMT can be detected in terms of ER.

Here again, the differences that are observed between HT and PEMT do not
follow the same tendency in both corpora.
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Fig. 5. ER scores for HT and PEMT
for CorpusDEfr and CorpusENfr

Fig. 6. ParsVar scores for HT and
PEMT for CorpusDEfr and Cor-
pusENfr

Parsvar: Figure 6 presents the Parsvar scores for HT and PEMT for Corpus-
DEfr and CorpusENfr. With medians close to zero for both translation modes
and a large spread in the scores, our German-into-French corpus does not ex-
hibit any significant difference between HT and PEMT, in terms of sentence
structure similarity between source and target. For corpusENfr the distribution
of the Parsvar scores is also not significantly different between HT and PEMT,
but scores are less spread and the entire population is situated below zero. If,
as hypothesised, a Parsvar close to zero is an indication of sentence structure
similarity between source and target, this means that sentence structure varies
more in CorpusENfr than CorpusDEfr.

These results indicate the strong influence of the corpora and the source
language on the parsing height of sentences. On the contrary, translation mode
does not seem to affect this metric.

4.2 Results across MT systems

In the second part of our analysis, we divide CorpusDEfr PEMT into three parts,
according to the MT system used (System 1, System 2, System 3). We compute
the same scores for each part and compare results. Our goal is to verify whether
consistent signs of post-editese can be identified across different MT systems.

TTRvar: In Figure 7, we can see that PEMT presents a greater loss of lexical
richness when using System 1 than System 2 (p<0.005) and System 3 (p=0.005).
The differences suggest that the MT system has an influence on the lexical
richness of the final output in PEMT.
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Fig. 7. CorpusDEfr TTRvar scores for
each MT system.

Fig. 8. CorpusDEfr LDvar scores for
each MT system.

LDvar: LDvar scores across MT systems are presented in Figure 8. The loss
of lexical density is more limited for System 3 than for Systems 1 and 2. The
difference between Systems 2 and 3 is statistically significant at p=0.01. The
MT system used for PEMT therefore also seems to have an influence on the
final output in terms of lexical density.

ER: As for the ER scores presented in Figure 9, System 1 exhibits a slightly
higher score than Systems 2 and 3, but no statistically significant difference was
found between systems in terms of ER. The MT system does not seem to have
an influence on the length ratio of the final output.

Fig. 9. CorpusDEfr ER scores for each
MT system.

Fig. 10. CorpusDEfr Parsvar scores for
each MT system.
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Parsvar: Parsvar scores for each MT system are presented in Figure 10. We
note that the Parsvar score is closer to zero for System 1 than for the two others.
Based on our hypothesis on Parsvar score, this means that the use of Systems
2 and 3 leads to more sentence structure variation between source and target.
On the contrary, System 1 leads to less variation. The distribution of scores for
System 3 is significantly different from System 1 at p=0.05 and from System 2
at p<0.05, which suggests that the MT system has an influence on the sentence
structure of the final output.

5 Conclusion

The aim of this experiment was to study the consistency of four candidate post-
editese features (lexical richness, lexical density, length ratio and sentence struc-
ture similarity between source and target) across different corpora, source lan-
guages and MT systems, in order to assess their credibility as universal features
of post-editese.

With only one exception, we were unable to identify consistent features of
post-editese across corpora with different source languages and different MT
systems.

The comparison across corpora shows that these post-editese features are not
constant and are therefore influenced by the corpus and/or source language. The
only shared characteristic between corpora is a tendency toward higher lexical
richness in PEMT, but this contradicts the results of previous studies.

The comparison across MT systems reveals that the system also has an in-
fluence on post-editese features. Differences were observed between systems, in
terms of lexical richness, lexical density and sentence structure similarity. Only
the feature related to sentence length was consistent across all systems.

Our results do not support the idea of there being universal features common
to all PEMT texts. With respect to the features under investigation, we have
shown that the influence of the corpora, language pairs and MT system is often
greater than the translation mode.

This paper highlights the importance of viewing post-editese as a sample of
possible phenomena, rather than a universal set of features shared by all PEMT
texts. A large number of factors should be taken into account when looking
for differences between HT and PEMT and not the translation mode alone. In
addition to the corpus, language pair and MT system, these factors may also
include the translator/post-editor’s experience/attitude towards MT, text type,
etc.

For future work, we intend to continue in the same direction and focus on
describing specific post-editese features, while taking into account as many vari-
ables as possible. We also aim to expand on the sample of investigated features,
in particular by focusing on non-lexical features that remain under-studied in
the field.
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