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Abstract
Wikipedia editors undertake the task of editing
machine translation (MT) outputs in various
languages to disseminate multilingual knowl-
edge from English. But are editors doing more
than just translating or fixing MT output? To
answer this broad question, we constructed a
dataset of 4,335 fine-grained annotated parallel
pairs of MT translations and human post-edit
(HE) translations for five low-resource African
languages: Hausa, Igbo, Swahili, Yoruba, and
Zulu. We report on our data selection and anno-
tation methodologies as well as findings from
the annotated dataset, the most surprising of
which is that annotators mostly preferred the
MT translations over their HE counterparts for
three out of five languages. We analyze the na-
ture of these "fluency breaking" edits and pro-
vide recommendations for the MT post-editing
workflows in the Wikipedia domain and be-
yond.

1 Introduction

The rapid expansion of Wikipedia content in low-
resource, underserved African languages is heav-
ily dependent on the accuracy of ContentTransla-
tion1, Wikipedia’s out-of-English MT tool. How-
ever, translation quality remains inconsistent, espe-
cially for low-resource languages where MT does
not adequately support both linguistic diversity and
cultural suitability (Orife et al., 2020).

While standard Machine Translation (MT) eval-
uation metrics such as COMET (Rei et al., 2020),
AfriCOMET (Wang et al., 2024), and xCOMET
(Guerreiro et al., 2024) typically assume that hu-
man post-edits (HE) are inherently superior to raw
MT output, the Wikipedia editing environment
challenges this notion. Editors often work under
time pressure, with varying levels of bilingual profi-
ciency, and may prioritize encyclopedic formatting
over translational fidelity.

1https://en.wikipedia.org/wiki/Wikipedia:
Content_translation_tool

This paper investigates how MT and HE transla-
tions differ on an aggregate segment level as well
as on a fine-grained pairwise difference level. We
present the following contributions:

• A curated dataset 2 of 4,335 English source,
MT output, and HE output parallel segments,
fully annotated for preference and error types;

• Empirical evidence that native speakers fre-
quently prefer MT over human edits, driven
largely by "fluency breaking" behavior in the
post-editing process;

• Actionable recommendations for Wikipedia
language communities and MT researchers.

2 Data and Annotation

2.1 Data Source and Global Statistics
We extract parallel English source, machine trans-
lation (MT) output, and human post-edit (HE) out-
put segments from the 06/13/2025 Wikipedia data
dumps3 for the five following out-of-English Lan-
guage Pairs (LPs): Hausa (eng-hau), Igbo (eng-
ibo), Swahili (eng-swa), Yoruba (eng-yor), and
Zulu (eng-zul).

Table 1 provides a statistical overview of this
initial dataset. While Hausa and Igbo represent
the largest corpora, a more telling metric is the
Levenshtein character-level edit distance (Leven-
shtein, 1965) between their MT and HE pairs. Most
importantly, all five languages have a null or near-
zero average segment-level difference between the
AfriCOMET (Wang et al., 2024) Quality Estima-
tion scores of their MT and HE pairs. This surpris-
ing observation—that a quality estimation metric
detects little to no quality differences after human
editing—is the primary motivation for our deeper
analysis.

2https://github.com/hibaeloirghi/Wiki-Data
3https://dumps.wikimedia.org/other/

contenttranslation/
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LP Edit Dist. (MT
vs. HE)

AfriCOMET
(MT)

AfriCOMET
(HE)

AfriCOMET
Diff

Token Diff

eng-hau (n = 177,387) 40.39 0.65 0.66 0.01 19.34
eng-ibo (n = 200,161) 89.35 0.59 0.58 0.00 38.71
eng-swa (n = 10,100) 93.50 0.72 0.72 0.00 -7.41
eng-yor (n = 9,988) 91.97 0.56 0.58 0.02 24.45
eng-zul (n = 7,319) 40.77 0.67 0.66 -0.01 -3.01

Table 1: Global statistics comparing machine translation (MT) and human-edited (HE) Wikipedia segments across
five African languages. n denotes the number of parallel segments found in the 06/13/2025 Wikipedia dump. Global
AfriCOMET (Wang et al., 2024) Difference refers to the difference between the HE and MT AfriCOMET scores.
Global Edit Distance represents the Levenshtein edit distance (Levenshtein, 1965) between the MT and HE pairs.
Global Token Difference refers to the word-count difference between the MT and HE pairs.

Figure 1: Distribution of MT engines used for out-of-English MT in the selected 5,000 segments for all five African
languages.

2.2 Curation of the Annotation Dataset
From the large corpora described in §2.1, we cu-
rated a subset of 1,000 representative source-MT-
HE triplets per language for annotation and analy-
sis. To ensure the selected segments where infor-
mative and suitable for a detailed comparison, we
applied the following filtering criteria:

• Bounded Quality Difference: The quality
score differences between HE and MT must
be between -0.5 and 0.5, as measured by
AfriCOMET QE. We exclude segments with
zero differences to avoid pairs with minimal
variation.

• Meaningful Edit Distance: The character-
level Levenshtein distance must be between 5
and 40 to filter out both cases with insignifi-
cant changes (e.g., punctuation edits) and com-
plete re-translations which are hard to com-
pare directly.

• Sufficient Source Length: The English
source segments must contain at least 20
words to ensure segments are substantial
enough to annotate.

• High Absolute Quality: The AfriCOMET
QE score for both HE and MT must be greater
than 0.5 to focus the analysis on higher quality
translations.

• Data Cleaning: We remove duplicate seg-
ments and segments with excesive special
characters (e.g. !]>*), which often signal
lower quality segments.

We observe a diverse mix of MT engines in the
source data (including Google Translate, NLLB,
and potentially others), as illustrated in Figure 1.

2.3 Annotation Protocol

We used a customized version of the Appraise tool
(Federmann, 2018; Kocmi et al., 2024)4 to deploy
our annotation protocol5. We recruited three native
speakers per language through Masakhane6 to an-
notate the same segments. Crucially, the identities
of the candidates (MT vs. HE) were masked on
the annotation interface. Annotators were asked to
select the better translation and justify their choice
using a fine-grained span-level mapping including
labels for Fluency, Adequacy, and Explicitation.
Appendix A shows a collage of screenshots of our
annotation interface.

Inter-annotator Agreement Table 2 details over-
all high Fleiss’κ inter-annotator agreement (IAA)
scores for the aggregate preference task. IAA is

4https://github.com/AppraiseDev/Appraise
5https://github.com/hibaeloirghi/

Appraise-wiki
6https://www.masakhane.io/
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LP Fleiss’ κ N Segments

eng-hau 0.83 404
eng-ibo 0.72 1000
eng-swa 0.37 1000
eng-yor 0.57 835
eng-zul 0.70 1000

Table 2: Fleiss’ κ (Fleiss, 1971) inter-annotator agree-
ment scores for aggregate HE vs. MT preference across
languages, considering only segments with exactly three
annotators.

substantial for Hausa (0.83), Igbo (0.72), and Zulu
(0.70) and moderate for Yoruba (0.57). However,
IAA is lower for Swahili (0.37), indicating that
judging overall translation quality was a more sub-
jective task in this language context.

3 Findings

Our analysis of the annotated data reveals a com-
plex and often counterintuitive relationship be-
tween MT and HE, challenging the assumption that
post-editing Wikipedia content targets improve-
ments against the original MT (see Figure 2). In
Zulu, for instance, MT was preferred in 86% of
cases, and in Igbo, 62%. In Yoruba, MT is pre-
ferred 27% of the time and in barely more than 4%
of cases in Hausa. This variety suggests that the
assumption of post-edit supremacy does not hold
for the Wikipedia post-editing domain. Figures 3
and 4 summarize the distribution of factors cited for
translation superiority and inferiority, respectively,
across all five languages in our study. Appendix B
contains a detailed key of the advantages and disad-
vantages selected by the annotators. We summarize
findings and implications of those below.

The preference trends described above hold
steady when we restrict our analysis to examples
with a clear majority preference by filtering out
segments where at least two out of three annota-
tors spotted no difference between the candidate
translations (selected ”NoDiff” meaning no real dif-
ference in fluency or meaning between translation
candidates as detailed in Appendix B). As shown
in Figure 6 this filtering had a significant impact
on the number of remaining segments, where a
large number of post-edits are assessed as having
no effect on quality.

3.1 Why is a translation better?

Our analysis reveals that fluency is overwhelm-
ingly the dominant driver of annotator preference.

Figure 2: Human annotator MT vs. HE preference
percentages. For Igbo, Swahili, and Zulu, annotators
mostly prefer MT.

In all languages, the most frequently cited factors
for preferring one translation are ”Fluency_Natural”
and ”Fluency_Grammar_Spelling.” Interestingly,
machine translation (MT) outputs often outscore
human post-edits on fluency grounds in Zulu,
Swahili, and Igbo. In contrast, human-edited out-
put tends to surpass MT in Yoruba and Hausa for
fluency.

Figure 3: Distribution of justifications for the preferred
translation. Fluency dominates the decision-making
process.

Adequacy plays a complex role. Contrary to
common assumptions, MT is also frequently cited
as more adequate than the human post-edits—in
all languages except Hausa. This suggests that
in some cases, human interventions introduce er-
rors or omit important information that MT main-
tains. Explicitation (the addition of beneficial con-
text or clarifications) emerges as a notable factor,
especially in Hausa, Swahili, and Yoruba. Finally,
segments with ”NoDiff” (no real difference in flu-
ency or meaning between candidates as detailed
in Appendix B) form a substantial subset in most
languages, except for Igbo, where differences are
more often perceived.

These patterns, visualized in Figure 3, under-
score that language-specific strategies may be nec-
essary to improve translation workflows. They also
suggest that some post-edits may be superficial or



Figure 4: Distribution of factors cited by annotators for
why a translation is judged worse than its counterpart.
Post-edits often suffer from omissions or bad additions.

even detrimental to translation quality, particularly
when editors make changes that reduce fluency or
adequacy.

3.2 Why is a translation worse?
When annotators identify why a translation is in-
ferior, a distinct language-dependent error profile
emerges (Figure 4). Human editors are most fre-
quently identified as omitting information present
in the source, a pattern that is striking in Igbo,
Swahili, and Zulu. In addition to omissions, human
editors also sometimes add or elaborate informa-
tion not present in the source text.

By contrast, the primary weaknesses of MT
translations are less often tied to adequacy errors;
more frequently, annotators cite general quality is-
sues (“Other” or “NoDiff”). This indicates that,
while MT typically remains closer to the original
content, its output sometimes lacks the refinements
or contextual adaptions made by human editors,
though such adaptions may not always improve
fidelity.

Collectively, these results suggest that MT is
generally more faithful to the source, while hu-
mans are more likely to commit major errors per es-
tablished MQM categories, particularly omissions
or problematic additions. This raises important
questions: Do human editors sometimes aim for
goals beyond faithful translation, such as localiza-
tion, summarization, or re-writing? If so, should
such edits be distinguished in Wikipedia workflows
(e.g., with a tag different from the standard “HE”
marker), and how should downstream systems rec-
ognize and support these distinctions?

4 Recommendations and Implications

Our analysis strongly suggests that “post-editing”
MT content on Wikipedia is not a monolithic task
of error correction. Editors often engage in more

complex activities that go beyond faithful transla-
tion, such as adding or removing content.

While these adaptations can be valuable, our
analysis show they are also risky as they can de-
grade fluency. We offer the following actionable
insights for the Wikipedia and the African NLP
communities:

• Distinguishing Editorial Roles: Post-editing
workflows could benefit from distinguishing
between different types of post-edits. The
workflow could be enhanced by allowing ed-
itors to tag their intent, for example, distin-
guishing a “Faithful Correction” from a “Cul-
tural Adaptation”. This distinction is critical
for quality control; otherwise, valuable adapta-
tions may be incorrectly flagged as translation
errors, and the true intention behind the edi-
tor’s work is lost.

• Develop Language Specific Strategies: The
clear differences in editing patterns and flu-
ency outcomes between languages (as shown
in Figures 7 and 8) suggest that a one-size-fits-
all approach to quality control is suboptimal.
Workflows need to be adapted to the specific
needs of each language community.

• Implement Fluency Checks: This study re-
veals that human edits can, paradoxically, de-
crease the fluency of machine-translated text,
an issue mainly seen in Igbo, Swahili, and
Zulu. To address this, the workflow could
integrate lightweight automated checks that
flag potentially awkward or ungrammatical
sentences in post-edited content.

5 Conclusion

Our paper investigated native-speaker human pref-
erence between machine translation and human
post-editing in the Wikipedia domain for five
African languages: Hausa, Igbo, Swahili, Yoruba,
and Zulu. We discovered that native speaker pref-
erences are mainly driven by perceived fluency,
and human edits can have varying effects on flu-
ency of MT outputs. These findings highlight the
need for better editor training and more domain-
specific, human-preference-aligned automated met-
rics to support the creation of Wikipedia articles in
low-resource Wikipedia.



Limitations

Our study focuses on five African languages; re-
sults may not generalize to other low-resource lan-
guages with different editing communities. Ad-
ditionally, our analysis relies on the judgments of
three annotators per language. While we filtered for
majority agreement, subjective preferences regard-
ing "naturalness" can vary by dialect and region.
Finally, we did not explicitly model the intent of
the editors (e.g., distinguishing between vandalism,
partial edits, and genuine corrections), which adds
noise to the "Human Edit" class.

Ethical Considerations

The annotators we hired are all native speakers of
the five relevant African languages. We envision a
participatory approach to MT evaluation and aim
for our work to help expand the field’s interest and
understanding of MT for low-resource languages,
with the ultimate hope that this will benefit the lan-
guage communities of the five languages examined
in this work: Hausa, Igbo, Swahili, Yoruba, and
Zulu.
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A Appendix: Annotation Screenshots

B Appendix: Annotation Mapping
Categories

B.1 Aggregate Annotation Mapping
Why is the selected translation better? (check
all that apply)

• Fluency_Natural: Reads more naturally in
the target language, regardless of meaning
preservation.

• Fluency_Grammar_Spelling: Contains
fewer grammatical or spelling errors (typos,
punctuation mistakes, etc.), regardless of
meaning preservation.

• Adequacy_Inaccuracy: Preserves factual in-
formation correctly (dates, numbers, proper
nouns, etc.) compared to the unselected trans-
lation.

• Explicitation: The selected translation adds
helpful context or clarifications beyond what
is present in the source text. The non-selected
translation does not.

• NoDiff: No real difference in fluency or mean-
ing.

• Other: Other (please specify)

What problems does the non-selected transla-
tion have? (check all that apply)

• Adequacy_Bad_Addition: Inaccurately in-
troduces words/phrases not in the source text.

• Adequacy_Omission: Omits information
present in the source text.

• NoDiff: No real difference in fluency or mean-
ing.

• Other: Other (please specify)

Which of the two candidate translations is
adequate for a Wikipedia entry, even if it is not
a perfect translation? (check all that apply)

• Wiki_Style_selected: The selected transla-
tion.

• Wiki_Style_non_selected: The non-selected
translation.

• Neither.

B.2 Span Annotation Mapping
Why did you select this span? Please select one
or more options below to explain your choice
and share any additional thoughts.

• Fluency_natural: The selected span reads
more naturally in the target language.

• Fluency_grammar_spelling: The selected
span contains fewer grammatical or spelling
errors (typos, punctuation mistakes, etc.).

• Adequacy_inaccuracy: The selected span
preserves factual information correctly (dates,
numbers, proper nouns, etc.) compared to the
non-selected span.

• Adequacy_untranslated: The non-selected
span is partially or fully untranslated.

• Explicitation: The selected span adds help-
ful context or clarifications beyond what is
present in the source text. The non-selected
span does not.

• NoDiff: No real difference in fluency or mean-
ing.

• Other: Other (please specify)

C Appendix: Filtered Dataset



(a) MT vs. HE Preference Annotation

(b) Aggregate MT vs. HE annotation

(c) Span-level annotation

Figure 5: Screenshots from one sample Yoruba segment annotation page of the annotation interface. Screenshot (a)
shows the. Screenshot (b) shows two simplified MQM-style (Lommel et al., 2014) questions about the advantages
and disadvantages of the candidate translations in (a). Screenshot (c) shows pairwise difference-level simplified
MQM-style annotation.



Figure 6: Human annotator MT vs. HE preference
percentages. For Igbo, Swahili, and Zulu, annotators
mostly prefer MT. Segments where at least two out of a
total of three annotators marked that they see no differ-
ence between the two aggregate candidate translations
are dropped.

Figure 7: Distribution of justifications for the preferred
translation for each language. Fluency dominates the
decision-making process.

Figure 8: Distribution of factors cited by annotators for
why a translation is judged worse than its counterpart for
each language. Post-edits often suffer from omissions
or bad additions.
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