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Abstract
We take a closer look at the results of a recent translation shared task at WMT 2025 (the Conference on Machine
Translation) and analyse the errors in the output of the four highest-scoring systems. We revise the automatic
evaluation method used in Sigurdsson et al. (2025) and compare it to manual evaluation of six machine-translation
systems. We find that our results are in line with the manual evaluation, indicating that the test suite can be well
suited for evaluating machine translation in this domain. Finally, we publish a list of domain-specific sports terms,

namely, in the domains of basketball, chess, football, golf and gymnastics.
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1. Introduction

SportsEval (Sigurdsson et al., 2025), a submis-
sion to the test suite subtask of the WMT 2025
General Translation Shared Task (Kocmi et al.,
2025) focused on sports-vocabulary translations
from English to Icelandic. The submission was
a test suite, consisting of 300 segments covering
five sports popular in Iceland. The test suite con-
tained 971 term instances, some recurring across
segments in order to allow for evaluation of trans-
lation consistency. All systems participating in the
English—Icelandic language pair in the general
translation task were evaluated on this test suite.
The findings claim that current MT systems face
considerable challenges in the sports domain, as
measured by an automatic keyword-based evalua-
tion, supported by manual evaluation of a subset of
the translations. While the order of the best-scoring
systems was similar using both approaches, there
was a large difference in the ratio of terms evalu-
ated as correct depending on whether the evalu-
ation was automatic or manual, with the top four
systems translating 47%—55% of terms correctly as
measured automatically, as opposed to 71%—78%
when evaluated manually.

This begs the question: Why does the keyword-
based approach so commonly reject correct transla-
tions? Furthermore, looking at systems that score
highly in the general translation task, what kind of
errors do they make in terminology translation?

In this paper, we analyse the translations of six
systems, the four highest-scoring ones as reported
by Sigurdsson et al. (2025), and two lower-scoring
ones. We revise the automatic evaluation approach
and reconsider which terms to evaluate. We pub-
lish our term lists in English and Icelandic and an
updated test suite reflecting the changes made.

Our main contributions are as follows:

+ A list of domain-specific terms for five sports
popular in Iceland

+ A revised test suite, reflecting the list of terms

» A robust approach for keyword-based MT eval-
uation for terminology translations to Icelandic

* A study of errors made by modern MT systems
when translating domain-specific terminology

2. Related Work

While there are numerous studies of the use of
sports-related texts in artificial intelligence (see,
e.g., Yang et al. 2025 and Xia et al. 2024 for ques-
tion answering studies) and machine translation
(see, e.g., Zhiliang et al. 2024 who address the is-
sue of real-time translation of sports events) there
has not been much work on evaluating the quality
of automatic translations in this particular domain.
We extend the work of Sigurdsson et al. (2025),
a submission of sports evaluation test suite for a
WMT 2025 shared task.

When measuring machine translation with ter-
minologies, keyword-based approaches are com-
monly used. In the shared task on machine trans-
lation with terminologies at WMT 2023 (Semenov
et al., 2023), term success rate was calculated by
comparing machine-translated terms with their dic-
tionary equivalents and term consistency was mea-
sured to investigate whether technical terms were
translated uniformly. Furthermore, three evaluation
approaches were used: Standard metrics to evalu-
ate general translation quality, COMET (Rei et al.,
2020) and ChrF (Popovi¢, 2015).
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Sport Seg. Words/Seg. Keywords \ Unique Repeated \ 1x 2x 3x 4x b5x
Football 100 26.8 288 197 61 136 32 28 1 0
Basketball 100 31.9 241 153 61 92 37 22 1 1
Chess 50 18.7 71 67 4 63 4 0 0 O
Golf 25 34.6 61 47 11 36 8 3 0 O
Gymnastics 25 20.6 56 46 8 38 6 2 0 0
Total 300 273 717 510 145 | 365 87 55 2 1

Table 1: Number of segments, average length of segments, total term checks, unique terms, repeated
terms, and exact frequency distributions per domain. 145 unique terms are repeated across the entire

test suite.

At WMT 2024, two submissions specifically
looked at translations between English and Ice-
landic. The GenderQueer test suite (Fridriksddttir,
2024) is built to investigate gender-inclusive trans-
lation and whether such translations are appropri-
ate. Armannsson et al. (2024) used a keyword-
based evaluation to examine how adept MT sys-
tems are at translating idiomatic expressions and
proper names. At WMT 2025, Hauksddttir and
Steingrimsson (2025) also used a keyword-based
evaluation to check how skillful MT systems are at
translating terminology in official document transla-
tions for the European Economic Area.

In this paper, we examine further the keyword-
based approach, compare it to manual evaluation
and the automatic metrics CometKiwi (Rei et al.,
2022) and GEMBA-MQM (Kocmi and Federmann,
2023).

3. A Review of SportsEval

The version of SportsEval submitted to WMT25
and evaluated in Sigurdsson et al. (2025) contains
300 segments divided into five groups, each cov-
ering a sport popular in Iceland. The number of
segments for each sport differs: Football and bas-
ketball have 100 segments each, chess 50 and golf
and gymnastics have 25 segments each.

In total, these segments contained 971 term in-
stances in the original version of SportsEval, some
recurring across segments in order to evaluate
translation consistency. Most of the segments are
derived from naturally occurring examples, some-
times with minor changes, but a few are specifically
written for the purposes of the evaluation suite.

We review all segments with the aim of removing
testing of terms that are not domain related, i.e.,
used when discussing the particular sport the seg-
ment relates to. In the review process we often add
allowed translations to the keyword list, as in some
cases more than one word can be used for that
particular term in Icelandic. The manual evaluation
process contributed additions to the Icelandic list of
translated terms. Sometimes we remove keywords
we deem not to be domain-related terms as well as

reduce the number of repetitions in the evaluation
set to keep possible over-representation of some
terms in check, because while repetitions are impor-
tant in the test suite for measuring the consistency
of the translations, it should be enough for such
purposes to allow the same term to appear no more
than three times in the evaluation set. When per-
forming a simple keyword count, having the same
word appear too often may skew the results.

When reviewing the list of allowed translations
of keywords, we looked at the output of the four
highest-scoring models. In order to see if this gives
the manually evaluated systems an advantage, for
comparison we also evaluate two lower-scoring
models manually, but without adding terms to the
list used for automatic evaluation.

Our amended test suite contains the same seg-
ments as before, but the number of keywords eval-
uated has been reduced to 717, due to removal of
some of the repetitions as well as words that we
deemed not to be domain-specific terms. Out of
the total, 365 keywords occur only once and 145
different keywords occur more than once. Some of
the same keywords are used in two or more of the
evaluated subdomains. The same keywords never
appear more than three times in one and the same
subdomain, with the exception that when the same
keyword can be either a noun or a verb. Examples
of this are the word foul, which appears twice as a
noun and twice as a verb in basketball texts, and
win, appearing three times as a noun and once as
a verb in football texts. Table 1 shows the number
of keywords evaluated for individual sports and the
number of times recurring keywords appear.

4. Evaluating MT Systems

We evaluate the MT outputs using four approaches:
human evaluation where each term translation is
considered, the automatic metrics CometKiwi and
GEMBA-MQM, and a keyword-based approach.
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System Correct Terms Correct Terms Human | CometKiwi GEMBA-

(string match)  (word match) | Evaluation MQM
Gemini-2.5-Pro 90.0% 88.1% 90.7% 0.7314 -3.59
Shy 82.1% 78.7% 80.5% 0.7272 -4.78
Erlendur 81.6% 79.8% 80.3% 0.7354 -4.37
GPT-4.1 79.4% 78.2% 79.4% 0.7336 -3.73
TranssionTranslate 73.6% 71.4% 0.7427 -7.58
% ONLINE-B 72.4% 70.2% 0.7398 -6.71
TowerPlus-9B 70.9% 68.1% 0.7383 -5.05
hybrid 70.2% 66.5% 0.7256 -5.68
ONLINE-G 62.2% 60.3% 0.664 -13.81
Claude-4 61.9% 58.4% 0.7247 -5.80
AMI 60.9% 58.7% 60.5% 0.7486 -10.55
Gemma-3-27B 55.0% 51.5% 0.7081 -10.40
% Llama-4-Maverick 54.1% 50.6% 0.7144 -8.83
NLLB 47.6% 44.5% 0.6824 -14.19
Mistral-Medium 45.6% 40.7% 0.6997 -11.00
B GemTrans 44.4% 411% 0.7116 -10.97
SalamandraTA 41.1% 35.8% 0.7613 -11.183
Gemma-3-12B 39.7% 37.5% 37.8% 0.6626 -16.33
M IRB-MT 39.5% 37.0% 0.6515 -15.58
CommandA-MT 30.7% 25.5% 0.7107 -12.17
H DeepSeek-V3 28.6% 27.9% 0.5693 -16.17
B Qwen3-235B 24.0% 21.9% 0.5749 -17.19
B CommandA 23.0% 19.8% 0.622 -20.39
Llama-3.1-8B 20.8% 18.1% 0.5724 -23.71
M TowerPlus-72B 18.0% 16.7% 0.5019 -18.58
W UVA-MT 9.5% 8.2% 0.4156 -21.30
Mistral-7B 6.0% 3.5% 0.4216 -24.94
Qwen2.5-7B 6.0% 4.2% 0.426 -24.88
B AyaExpanse-32B 5.3% 3.5% 0.4687 -24.50
M EuroLLM-22B 3.8% 3.1% 0.4803 -24.83
B CommandR7B 2.4% 1.4% 0.4139 -25.00
B AyaExpanse-8B 2.2% 1.7% 0.3622 -24.97
% IR-MultiagentMT 2.0% 2.0% 0.3564 -23.43
M EuroLLM-9B 1.8% 1.3% 0.3831 -24.42

Table 2: Results for the different evaluation approaches. For the human evaluation and keyword-based
evaluation the results are reported in terms of accuracy, how many of the total number of terms were
correctly translated. We also report on CometKiwi scores (higher is better) and GEMBA-MQM (closer to

zero is better).

4.1. Human Evaluation

After revising SportsEval we need to compare man-
ually evaluated translations to automatically evalu-
ated ones in order to understand how accurate our
automatic evaluation approach is in comparison
to human evaluation. A single human evaluator
manually evaluated all sentences translated by six
systems, the top four ones as reported by Sigurds-
son et al. (2025), and two lower-scoring ones. This
gives us a comparison that should be able to con-
firm or refute that our keyword-based approach is
valid for evaluating translations of the segments in
the evaluation suite.

4.2. Keyword-Based Evaluation

The most straightforward way to carry out a
keyword-based evaluation is simply to collect trans-
lations of the terms being evaluated and count how
many of them are found in the system translations.
In the case of Icelandic, an inflected language
where active word formation of compound words is
very common, it has to be a bit more complicated.
A translation of a term in a sentence may appear
in form different from the lemma, so a register of
possible word forms has to be consulted. In some
cases this is easy for Icelandic as an extensive
database of Icelandic inflections, DIM (Bjarnaddttir
et al., 2019), is openly available for language tech-
nology practitioners. While we find the majority of
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the Icelandic terms in our test suite in DIM, some
are not there. For these we have to list all possible
word forms manually in order to be able to confirm
whether the term is correctly translated to the target
language, Icelandic. In cases of multiword terms,
we almost always have to list possible forms man-
ually. When reviewing the automatic evaluation
process we thoroughly went through the word-form
registry with a focus on manually adding missing
word forms.

Word compounding poses another problem. The
correct terms can be compounded with another
word and still be admissible. In order to account
for such cases we have two options: To try to list
all admissible word compounds as possible trans-
lations of the term, or have our evaluation script
not only look at word tokens, but also strings within
words. Doing so has the advantage of accounting
for most if not all cases of acceptable translations,
given that we have included an exhaustive list of
Icelandic words for the term in question. The dis-
advantage is that in some cases the compounds
are inadmissible, and thus a method that accepts
translations even if they are only a part of another
word gives us some false positives. We report on
both approaches in order to explore which one is
closer to the human evaluation.

4.3. Other Automatic Metrics

When selecting the best MT system for translating
specific domains, it is of utmost importance that the
domain-specific vocabulary is correctly translated.
But it is also important that the translated text is
generally good and if many systems are similarly
effective in translating the terminology, using other
more general approaches for evaluating translation
quality can be helpful.

We do not have human-translated references for
all our segments and thus we use two reference-
free approaches, CometKiwi and GEMBA-MQM.
CometKiwi is a trained neural metric, which has per-
formed well as compared to other metrics (Freitag
et al., 2022; Zerva et al., 2022), while GEMBA-
MQM is an LLM metric, which prompts a GPT-
model to produce MQM error annotations for trans-

lated segments. For our evaluation we use GPT-4.1
mini from OpenAl, queried through their API.

CometKiwi runs quite fast on a desktop computer,
but GEMBA-MQM requires using a large language
model. Evaluating 300 segments for all 34 systems
using GPT-4.1 mini cost $6.08, when the price is
$0.80 and $3.20 per 1M input and output tokens,
respectively.

5. Reslults

In Sigurdsson et al. (2025), there was quite a divide
between the human evaluation and the keyword-
based one, with the highest human evaluation be-
ing 77.9% while the keyword-based evaluation for
the same model was 48.5%. In the work presented
here, we fully evaluate six systems manually, the
four highest-scoring ones and in order to gain in-
sight into how accurate our approach is for less
accurate translations, we also evaluated two sys-
tems with lower scores: AMI, which was 11th, and
Gemma-3-12B, which was the 18th highest-scoring
system in the automatic evaluation. After revising
the keywords and updating the keyword-based eval-
uation approach we find that the keyword-based
approach is very much in line with the human eval-
uation. The results are reported in Table 2 and
show that the difference between the two is less
than 2 percentage points in all six cases and the
order of systems is the same as when we do string
matching in our keyword-based evaluation. We
thus order all the systems in descending order by
the accuracy as measured by the keyword-based
string-matching approach.

5.1. Validation of the Automatic
Evaluation Metric

To ensure the reliability of our automatic terminol-
ogy evaluation script, we measured the agreement
between the human evaluator and the automatic
evaluation (using string matching) both at the gran-
ular term level and the strict segment level (where
a segment is only marked correct if all terms within
it are accurately translated). To quantify inter-rater
reliability, we calculated Cohen’s x (Cohen, 1960),

System Acc. Kappa(x) p-value FP FN
Gemini-2.5-Pro  0.903 0.717 0.4576 12 17
Shy 0.907 0.797 0.0890 19 9
Erlendur 0.943 0.880 0.0523 13 4
GPT-4.1 0.960 0.918 03865 4 8
AMI 0.943 0.872 0.6276 7 10
Gemma-3-12B  0.983 0.933 0.3711 4 1

Table 3: Per-system segment-level agreement between manual and automatic evaluation. p-values are

calculated using McNemar’s test with Yates’ continuity correction.
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which measures the agreement between two raters
assessing the same thing. At first we measure the
agreement of all the evaluations for the six systems
as a whole. For that, at the term level, the auto-
matic metric demonstrates an accuracy of 95.5%
and a Cohen’s « of 0.89, and at the segment level,
the accuracy is 94.0% with a  of 0.88, both indicat-
ing very strong agreement with human judgment
(for interpretation of Cohen’s «, see, e.g., McHugh,
2012).

To evaluate the metric’s consistency across dif-
ferent systems, we perform a per-system segment-
level agreement analysis. The results in Table
3 show that Cohen’s « remained high across all
models (mean x=0.853), ranging from 0.717 for
Gemini-2.5-Pro (substantial agreement) to 0.933
for Gemma-3-12B (almost perfect agreement).

To determine if the automatic script exhibited any

systematic directional bias when disagreeing with
the human evaluator, we apply McNemar’s test for
paired nominal data (McNemar, 1947), with Yates’
continuity correction (Yates, 1934) to account for
the discrete nature of our evaluation, McNemar’s
test yielded no statistically significant bias for any
individual system (p > 0.05 in all cases), indicat-
ing that while the precision of our approach varies
slightly by model, it does not systematically over-
or under-penalize any specific system.

Overall, these statistics validate that the auto-
matic script is a highly reliable proxy for human
evaluation, allowing us to scale the terminology
evaluation across the entire dataset with a known,
quantified, and minimal margin of error.

System Chess Basketball Golf Gymnastics Football
S(%) T(%)|S%) T(%)|S(%) T(%)|S%) T(%) | S(%) T(%)
Gemini-2.5-Pro 789 732 | 917 90.0 | 91.8 885 | 804 786 | 927 92.0
Shy 746 676 | 830 784 | 820 77.0 | 411 375 | 91.3 899
Erlendur 50.7 493 | 863 855 | 869 852 | 679 625 | 86.8 847
GPT-4.1 535 535 | 846 838 | 820 803 | 50.0 429 | 8.5 86.1
TranssionTranslate | 26.8 254 | 77.6  75.1 885 852 | 39.3 357 | 854 837
ONLINE-B 324 310 | 734 710 | 83.6 836 | 429 357 | 847 83.0
TowerPlus-9B 239 225 | 743 726 | 836 803 | 411 32.1 826 79.9
hybrid 31.0 282 | 830 784 | 36.1 31.1 482 429 | 80.6 78.1
ONLINE-G 239 225 | 622 61.0 | 73.8 72.1 232 232 | 76.7 736
Claude-4 239 197 | 681 64.7 | 55.7 54.1 375 321 722 68.8
AMI 19.7 183 | 69.7 68.1 705 689 | 2866 250 | 68.1 653
Gemma-3-27B 225 211 61.8 593 | 55.7 54.1 19.6 16.1 63.9 587
Llama-4-Maverick | 38.0 36.6 | 63.9 61.8 | 443 426 | 125 71 60.1 54.9
NLLB 14.1 14.1 52.3  48.1 311 279 | 143 143 | 61.8 583
Mistral-Medium 239 239 | 502 444 | 426 328 | 143 8.9 53.8 497
GemTrans 127 127 | 515 473 | 393 393 | 143 125 | 53.1 49.0
SalamandraTA 11.3 9.9 473 427 | 410 328 | 179 125 | 479 417
Gemma-3-12B 9.9 9.9 485 465 | 344 31.1 8.9 71 46.9 441
IRB-MT 9.9 9.9 47.7 452 | 36.1  31.1 10.7 8.9 46.2 434
CommandA-MT 8.5 7.0 36.1 328 | 311 279 | 179 16.1 340 253
DeepSeek-V3 282 282 | 149 141 410 41.0 | 16.1 14.3 | 39.9 39.2
Qwen3-235B 141 14.1 5.4 5.4 23.0 213 5.4 3.6 458 413
CommandA 8.5 7.0 249 220 | 18.0 18.0 7.1 3.6 292 247
Llama-3.1-8B 42 4.2 232 216 | 131 9.8 0.0 0.0 285 240
TowerPlus-72B 29.6 29.6 5.4 4.6 59.0 574 | 214 214 | 16.3 142
UvA-MT 7.0 7.0 8.3 71 26.2 23.0 71 5.4 8.0 6.9
Mistral-7B 0.0 0.0 7.9 5.4 8.2 6.6 0.0 0.0 6.6 2.8
Qwen2.5-7B 0.0 0.0 7.5 5.8 49 4.9 5.4 3.6 6.6 3.8
AyaExpanse-32B 42 4.2 8.3 5.0 9.8 9.8 1.8 1.8 2.8 1.0
EuroLLM-22B 0.0 0.0 9.5 7.5 6.6 6.6 0.0 0.0 0.0 0.0
CommandR7B 0.0 0.0 0.4 0.0 6.6 6.6 0.0 0.0 4.2 21
AyaExpanse-8B 0.0 0.0 5.0 4.1 3.3 3.3 0.0 0.0 0.7 0.0
IR-MultiagentMT 127 127 1.2 1.2 0.0 0.0 0.0 0.0 0.7 0.7
EuroLLM-9B 0.0 0.0 4.6 2.9 3.3 3.3 0.0 0.0 0.0 0.0

Table 4: Scores for the five subdomains. S-columns show the accuracy as calculated by string matching
and T-columns by token matching.
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System All Some Cons.
Gemini-2.5-Pro 127 16 88.8%
Shy 117 18 86.7%
Erlendur 123 13 90.4%
GPT-41 124 11 91.9%
TranssionTranslate | 120 13 90.2%
ONLINE-B 112 20 84.8%
TowerPlus-9B 108 26 80.6%
hybrid 105 24 81.4%
ONLINE-G 93 27 77.5%
Claude-4 104 7 93.7%
AMI 79 48 62.2%
Gemma-3-27B 90 17 84.1%
Llama-4-Maverick 87 19 82.1%
NLLB 70 38 64.8%
Mistral-Medium 75 20 78.9%
GemTrans 66 23 74.2%
SalamandraTA 63 27 70%
Gemma-3-12B 60 27 69%
IRB-MT 57 30 65.5%
CommandA-MT 45 14 76.3%
DeepSeek-V3 19 58 24.7%
Qwen3-235B 34 20 63%
CommandA 31 17 64.6%
Llama-3.1-8B 22 33 40%
TowerPlus-72B 15 29 34.1%
UVA-MT 7 30 18.9%
Mistral-7B 5 16 23.8%
Qwen2.5-7B 3 15 16.7%
AyaExpanse-32B 5 11 31.3%
EuroLLM-22B 3 7 30%
CommandR7B 0 10 0%
AyaExpanse-8B 1 6 14.3%
IR-MultiagentMT 2 5 28.6%
EuroLLM-9B 1 4 20%

Table 5: Consistency in term translation. 145
unique terms are seen more than once in the test
suite, as evident in Table 1. This table shows how
many of them are always translated correctly, every
time they occur, and how many af them are some-
times translated correctly. We call the sum of these
two Recognized Re-occurring Terms (RRT). Con-
sistency is given as terms consistently translated
correctly as a percentage of RRT.

5.2. Comparison of Different Evaluation
Approaches

We see that in four of the six cases, the automatic
approach gives higher accuracy than the human
evaluation. In some cases, this is likely due to
word compounding done by the translation systems,
generating words that the human annotator does
not accept as valid Icelandic words. When the
keyword-based approach demands that the whole
term matches with our keywords, the results are a
bit lower than the human evaluation, which can be

expected as some valid keywords may be missing.
A further inspection into that is done in Section 5.4.

We find that CometKiwi does not give us very
useful results in terms of measuring term trans-
lations as compared to our manual or automatic
approaches. There is not much difference between
the highest-scoring systems and the order of the
systems differs substantially from other evaluation
metrics, with SalamandraTA scoring highest, fol-
lowed by AMI and TranssionTranslate, which are
17th, 11th and 5th, respectively, in the order of cor-
rect terms. GEMBA-MQM on the other hand gives
us results that are generally in line with the manual
evaluation and keyword-based evaluation, with a
few exceptions. GPT-4.1 scores very close to the
best system, Gemini-2.5-Pro, which is not surpris-
ing as we used the mini version of GPT-4.1 as the
backbone for GEMBA-MQM. Apart from a few de-
viations, GEMBA-MQM seems to give us results
that may be useful. Using a more powerful LLM
as the backbone and/or running it multiple times
and aggregating the scores, as done by Junczys-
Dowmunt (2025), may give us even more accurate
scores.

As is done in Sigurdsson et al. (2025), in the re-
sults table we tag the systems that may be at a dis-
advantage due to other reasons than just their capa-
bility in translating from English into Icelandic: B for
translations that had missing lines or repetitions,
and ¥ for translations where sentence splitting was
not as expected and the the sentence alignment
tool SentEval (Steingrimsson et al., 2023) was used
to fix it.

5.3. Comparison of Individual
Subdomains

Table 4 exhibits our automatic evaluation results for
the subdomains, different sports. We find that quite
a few translation systems fare well when translating
texts on football, golf and basketball, while few man-
age to handle chess and gymnastics texts as well.
While these two latter sports are among the most
popular in terms of practitioners, they are probably
not as well represented in media, and therefore less
likely to be well represented in training data for lan-
guage models, which may be at least a part of the
explanation as to why most systems fail dismally
when translating in these domains, with only four
systems translating half of the chess terms correctly
and three reaching 50% for gymnastics, as mea-
sured by the string-based approach. While defining
what is good enough to be acceptable is not triv-
ial, it is fairly safe to say that only one system can
possibly reach that, Gemini-2.5-Pro which obtains
78.9%—-92.7% accuracy for the subdomains. All the
other highest-scoring systems go down to around
50% or lower accuracy for at least one subdomain.
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We thus believe that the conclusion of Sigurdsson
et al. (2025) still holds, even though our revised
evaluation test suite paints a rather better picture
than before.

For each domain, a number of terms occur twice
or more in the test suite. We inspected whether
the ones that were translated correctly at least
once were consistently translated correctly. Ta-
ble 5 shows that many of the highest-scoring sys-
tems were quite consistent, with four of the top ten
systems obtaining over 90% consistency and an-
other five of them translating more than 80% of
re-occurring terms consistently. While some of the
lower-scoring systems have rather high consistency
numbers, the results may not be very meaningful
in their cases as they fail more often than not in
translating most of the terms.

5.4. Error Analysis

In the sports dataset, various keywords are a
head of a compound. Sigurdsson et al. (2025)
mention the English term supporter. In one of
the football segments, supporters is, in fact, the
head of the compound Liverpool supporters. To
make it more likely that the automatic evalua-
tion will catch correct translation of the term in
this segment, both studningsmadur and Liverpool-
studningsmadur are found in the Icelandic list as
a translation of supporter. However, when the top
models are evaluated, it becomes evident that it is
difficult to catch all such compounds. An example
is shirt, which is translated as treyja in the Icelandic
term list. However, in the segment in question, shirt
is in fact the head of the compound Burnley shirt
but Burnley-treyja was nonetheless not included
in the original list of Icelandic terms, whereas it is
found in the updated list. There are various other
examples like that which can easily be missed.
The keywords can also be part of a compound
without being the head. In the chess dataset, blind-
fold chess is in fact a part of a compound whose
head is exercise, i.e., blindfold chess exercises.
The Icelandic term list contains blindskdkeefing but
when a system translates blindfold chess exercises
as blindskadksaefingar, with a genitive -s following
blindskdk (the genitive of blindskak is not blind-
Skdks but blindskdkar) both the automatic token-
matching evaluation and the manual evaluation
report it as a failed translation (the string-matching
approach should report it as correct, on the other
hand). That may be a questionable approach, as
the system translates the blindfold chess part of
the compound correctly, if we disregard the genitive
ending. In this way, however, we treat the transla-
tion the same as when we encounter incorrect word
formation or word forms, such as when a system in-
correctly translates frampoline as a feminine noun,
trampolina, rather than a neuter noun, trampdlin,

or when a system translates the mats in the dative
plural as the incorrect word form dynurnum rather
than dynunum.

In various cases, the manual evaluation reveals
that the list of Icelandic terms is limited and that
some translations are missing. For example, shot
from long range was originally translated only as
skot af I6ngu feeri (the Icelandic version is, word for
word, fairly close to the English version). By check-
ing manually the output of the MT systems, it was
discovered that langskot (literally ‘longshot’) was
missing and was therefore added to the updated
list.

When using a keyword-based approach, we are
looking out for whether keywords are translated
correctly. However, in some cases, the keyword
is not translated as such but the translation as a
whole is nevertheless correct. This leads to the
assessment being correct in the manual evaluation
without us necessarily updating the list for the au-
tomatic evaluation. When we had the MT systems
translate Haaland, City’s usual penalty taker... the
focus was on seeing whether they would translate
penalty taker as the noun vitaskytta. Not all the
models translated this into a noun but rather into a
verb phrase, something like Haaland, who usually
takes penalties for City... The list was not updated
to accomodate this use, resulting in the manual
evaluation marking this as a correct translation but
the automatic evaluation marking it as incorrect.

When the Icelandic terms consist of more than
one word, the automatic evaluation looks for a spe-
cific text string that should contain both, or all, of the
words. If another word splits up the string, however,
the translation inevitably will be deemed incorrect.
By including a chess segment that contained the
string by flagging him, we were focusing on flag,
which was, according to the dataset, supposed
to be translated as fella 4 tima (literally “fail/fell on
time’). However, when fella 4 tima is used in a trans-
lation of the segment, the pronoun hann (equivalent
of English he) is most naturally positioned between
fella and 4 tima, i.e., med pvi ad fella hann & tima.
To make sure that the automatic evaluation catches
this, the dataset must contain the string fella hann
d tima and not only fella & tima.

It should be mentioned that while the drawbacks
of the automatic evaluation method described here
lie mainly in false negatives — where the automatic
evaluation fails to catch correct translations — there
are some cases of false positives. For the chess
segment OMG you're a chess player! No way! So
what'’s your favorite chess piece? the translation of
chess player and chess piece were being observed.
Chess player is skdkmaodur in Icelandic whereas
chess piece is taflmadur. One system translated
the former incorrectly as skdkleikmadur and the
latter as skdkmadur. Skakmadur is not the correct
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term for chess piece but would have been correct
for chess player. The human evaluator deemed
these as two incorrect translations whereas the
automatic evaluation marks one incorrect and one
correct as it does not look at the order that the
translations appear in; it only checks if the terms
are found somewhere in the segment.

6. Sports-Terminology Lists

As discussed by Sigurdsson et al. (2025), there is
a long tradition of terminology work in Iceland (see,
e.g., Christensen et al. 2025). Nonetheless, none
of the sports that are the basis of SportsEval have
a terminology or glossary in the Icelandic terminol-
ogy bank (Idordabankinn)’ at the Arni Magnusson
Institute for Icelandic Studies, which is the center
of terminology work in Iceland.

We therefore use SportsEval as a groundwork
for sports-terminology lists that we publish in the
CLARIN-IS repository (see Section 7 below).

The terminology lists are published in TBX-
format, containing the English term, with Icelandic
translations, part-of-speech and the subdomain as
the subject field for the term.

While terminology lists such as the one published
here can be useful for machine translation evalua-
tion, as we have shown, they are also important for
translators, journalists or other writers aiming for
correct use and consistency in their word choices.

7. License and Availability

The English and Icelandic terms, together with the
English segments, evaluation data and all code are
found in our GitHub repository.?

The terminology lists for each sport are published
in the CLARIN repository under a CC BY 4.0 li-
cense.® We encourage anyone who wants to work
with sports terminology to incorporate our work
into theirs. These lists are derived from the work
published on GitHub and simply include English
terms and their Icelandic equivalents. Whereas the
lists on GitHub include Icelandic translations like
studningsmadur and Liverpool-studningsmadur for
supporter (to facilitate automatic evaluation for the
SportsEval test segments, as explained above),
the terminologies on the CLARIN repository, which
do not contain any context found in the evaluation
dataset on GitHub, only list studningsmadur as a
term.

'idord.arnastofnun.is

thtps ://github.com/
stofnun—-arna-magnussonar/SportsEval

Shttp://hdl.handle.net/20.500.12537/
380

8. Conclusions and Future Work

We have described a revision of a test suite for
sports-related machine translation, where we both
revised the list of terms selected for evaluation,
possible translations listed and the approach to
keyword-based automatic evaluation. We find that
our automatic approach using keywords and match-
ing all allowed word forms to the translated segment
as a string to allow for unforeseen word compound-
ing, rather than only matching tokens, obtains re-
sults very close to a manual evaluation. We also
publish all the revised data, terminology lists, evalu-
ation data as well as our code, under open licenses.

As mentioned in Section 3, the manual evaluation
process resulted in the addition of some transla-
tions that were not found in the original version of
the lists. This only applies to the four top-scoring
models, as their outputs were inspected while up-
dating the terminology lists, but not those of any
other models. While we believe that this contributes
to a better overall automatic evaluation assessment
it may favor the manually evaluated models. Having
said that, when validating our approach in Section
5.1 we did not find any effect of this in the evaluation
of our two lowest systems. Still, there may be term
translations in the output of some other models that
should be considered correct but are not included
in our keyword lists for automatic evaluation.

Our evaluation results show that only a handful of
the best systems are able to translate sports vocab-
ulary correctly in the majority of cases. While 13 out
of 34 systems submitted to the English-Icelandic
translation task at WMT 2025 manage to translate
terms correctly more than half the time, only three
systems do that for all five subdomains, with the
translation systems commonly failing in translating
chess and gymnastics related vocabulary. These
three systems are all among those that were manu-
ally evaluated. While a manual evaluation of some
of the systems close to these four top-scoring ones
may find that a few translations which the automatic
approach does not accept are indeed acceptable,
they lag so much behind, especially in the chess
and gymnastics domains that it is safe to say that
no more than three of all the systems evaluated
can translate more than half of the terms correctly
in all subdomains.

Extending the list of segments to evaluate may
give us more accurate results in future evalua-
tions, but as seen by the difference between sports,
adding more subdomains might give us more use-
ful information. Experimenting with LLM-based ap-
proaches such as GEMBA-MQM, focusing specifi-
cally on the domain-specific keywords may also be
an interesting direction of study for domain-specific
machine translation evaluation.

Extending the evaluation to more translation di-
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rections than only English—Icelandic would give
better information on the state-of-the-art in sports-
related translations in general. As we publish our
terminology translations in the context of the Sports-
Eval segments and a separate sports-related term
list, these can form a basis of evaluation in other
languages.

9. Limitations

While the statistical significance tests showed very
strong agreement between the manual and auto-
matic evaluations, our manual evaluation was per-
formed by a single human evaluator. This may in-
troduce subjectivity into the assessment and while
high Cohen’s x scores suggest the automatic met-
ric is consistent with this evaluator, these find-
ings might be strengthened by employing multiple
human annotators and calculating inter-annotator
agreement to mitigate potential individual bias.

As our approach and dataset is restricted to a
single language pair and a specific domain, it is dif-
ficult to generalize about our findings for other con-
ditions. It should also be noted that our approach is
of course heavily influenced by the language, using
an inflectional database and accounting for active
word formation.

A limitation of using a set terminology list for
evaluation of domain-specific MT is the problem of
new terms of translation variants, requiring ongoing
maintenance of the list. If the list is not maintained,
its usefulness for this task may slowly diminish.

Finally, we use GEMBA-MQM and suggest adapt-
ing it for future work. Currently, we base our
GEMBA evaluation on GPT-4.1 mini, which incurs
evaluation costs that can quickly become excessive,
hindering its application at a large scale. Using
open models could make this option more attrac-
tive, if such models would be able to carry out a
reasonable GEMBA evaluation.
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