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AIMS:

The role of machine translation (MT) in linguistic validation (LV) is an emerging discussion
(Vanmassenhove et al., 2019). Because LV is concerned with ensuring cultural and conceptual
clarity, MT applications must appreciate linguistic and cultural nuances. Available evidence
from our previous qualitative survey research with linguists and LV professionals suggests
that MT applications are presently unsuited to COA translation contexts. In this study, we
extended the qualitative results with an experimental task examining linguists’ ability to
distinguish machine-translated (MT) and human-translated (HT) phrases in a clinical outcome
assessment (COA) context.

METHODS:

Participants reviewed human translated (HT; using LV methodology) and MT phrases outside
of instrument context, based on low-complexity, culturally neutral source English COA
phrases. These were randomized, balanced, and length-matched (see Table 1). Participants
were also given text prompts: ‘explain your choices’ and ‘list any relevant linguistic /

cultural factors’ and follow-up questions about ‘the role of Al in LV' and ‘performance in the
experiment’ (see Table 2).

Table 1: Example human- and MT-generated phrases

Human-Generated Machine-Generated

Source English

Language

Please answer all

e e ALY (o .
il Arab
questions. ALy, Fabic
[ had problems with o sh g JSLa (53l S Arabic
my sleep
[ fel ted by  easee e Gl el .
elt unsupported by UALS\)Z.\E i (il Qe Arabic
people oo
[ felt I had nothing to el La gl Gl 4l & ja |
Ll Arabic
look forward to
paicate fhe scole  HEHSBERERI Chinese-
A DESUHLS WILNHNE 25945 1 o Simplifed
patient status.
Rate the function
independently from RIEIR SR B Th Chinese-
the nature of the BEHITIEL © Simplifed
signs.
Ic\i/illclfcijclzilat]i]:ictt):jﬁ NO HESEMH, ol AT Chinese-
J ARSI o Simplifed
understood.
Occasional food
aspiration with B RNBYEESE Chinese-
choking more than SEEABE—RK o Simplifed

once a week.

Table 2: Text prompts given at follow-up

Q1. Based on your experience of the exper-iment, what are your views on the role of Al in
linguistic validation?

Q2. How do you feel about your performance on the experiment?

Table 3: Mean correct answers by language and respondent count

Language Respondents (n) Mean Correct Score SD

1 Arabic 64 44% 15%
2 Chinese 47 54% 15%
3 Finnish 22 45% 18%
4 German 50 52% 17%
5 Greek 18 49% 16%
6 Hindi 11 49% 16%
7 Russian 58 58% 16%
8 Spanish 98 42% 14%
9 Swahili 3 43% 12%
10  Turkish 35 43% 15%
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Table 4: Mean correct scores for highest- and lowest-difficulty questions

Low Accuracy Phrase Mean High Accuracy

Responses Length Score Responses

Arabic - Q6 High 13% Arabic - Q2 Low 75%
Arabic Q7 High 17% Arabic - Q10 Low 78%
Chinese - Q3 Moderate 12% Chinese - Q8 Moderate 79%
Chinese - Q6 Moderate 19% Chinese - Q4 Moderate 98%
Finnish — Q6 Low 14% Finnish — Q5 High 385%
Finnish — Q7 Low 14% Finnish - Q4 High 95%
German - Q6 High 14% German - Q10 High 80%
German - Q2 Moderate 28% German - Q4 High 84%
Greek - Q1 Moderate 17% Greek - Q4 Moderate 78%
Greek - Q7 Moderate 28% Greek - Q3 High 83%
Hindi - Q9 High 9% Hindi - Q7 Moderate 73%
Hindi - Q10 Moderate 36% Hindi - Q2 Moderate 82%
Russian - Q1 Moderate 25% Russian - Q8 Moderate 95%
Russian - Q5 Moderate 25% Russian - Q2 Low 95%
Spanish - Q4 Moderate 4% Spanish - Q5 Low 63%
Spanish - Q9 Moderate 8% Spanish - Q8 Moderate 88%
Swahili - Q2 Moderate 0% Swahili - Q3 Moderate 100%
Swahili - Q4 Moderate 0% Swahili - Q7 High 100%
Turkish - Q1 Moderate 9% Turkish - Q6 High 74%
Turkish - Q4 Low 11% Turkish = Q10 Moderate 86%

Table 5: Summary of qualitative findings 1/2

Please list any relevant linguistic /

Please explain vour choices
P y cultural factors

* Fluency suggests HT * MT lacks cultural and idiomatic insight
* Very literal translation suggests MT * Language-specific linguistic factors
» Syntax differentiates HT and MT sometimes ignored by MT

* Grammar, tone, style, spelling, and
punctuation errors might suggest MT

Table 6: Summary of qualitative findings 2/2

What are your thoughts on the role of

How do you feel about your performance

Al in LV? in the experiment?

* LV requirements exceed MT capability * Task was difficult

* Humans required to post-edit/check MT | ¢ Phrases were too short/simple for a valid
output test

* MT may speed up routine translation * Surprised by own (in)accuracy
tasks » Task instructions were unclear

* MT may actually delay translation * Longer sentences were easier to

* Human translations provided in the distinguish

experiment were at times too literal

RESULTS:

In the post-experiment, participants expected fluency and naturalness to signal HT. They also
expected over-literal translations, lack of idiomaticity, and technical (e.g., grammatical) errors to
signal MT. Yet participants’ (n=401, 10 languages) ability to distinguish MT from HT experimentally
was variable and mixed (43-58%, SD:15-18%). It is notable, though, that accuracy increased for
longer phrases, suggesting that accuracy depends on source-related factors (such as linguistic
content, the presence of technical language or jargon, or terms that have an idiomatic basis

in English that machine translation cannot adequately account for). Follow-up responses
emphasized task difficulty as dependent on phrase simplicity (4% of n = 1/6) and the importance
of human oversight of MT applications (58% of n = 176).This was the main result from the
qualitative work. Participants were keen to emphasise that while MT may have a place in the LV
process, it will need to be supervised and subjected to human quality control.

CONCLUSIONS

Qualitative feedback from linguists identified many linguistic factors that may
distinguish MT and HT, while experimental task performance showed variable
success in distinguishing low-complexity, culturally neutral MT and HT phrases.
Higher success in some cases, and overall performance variability, signal that
phrase content, length, and language identity may impact distinguishability.
Linguists’ assumption that technical errors signal MT may have caused over-
literal HT to be mistaken for MT, and index both underlying distrust of MT and
variable MT quality across languages. Further work with full instruments and
more culturally specific COA content is planned. These findings underscore the
need for caution with machine COA translation use cases.




