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Machine translation supported by artificial intelligence (Al) may enhance linguistically-concordant care
for patients speaking languages other than English. This assessment of free-text inpatient discharge
instructions in Arabic, Armenian, Bengali, simplified Chinese, Somali, and Spanish compared linguist,
clinician, and family caregiver evaluations of translations generated by (1) ChatGPT-40, (2)
professional linguists, and (3) human-in-the-loop (Al-generated, professional linguist post-edited).
Likert scales (1-5; higher is better) evaluated linguistic and clinical characteristics of each translation.
ChatGPT-40 exhibited variable performance relative to professional translations, with poorest ratings
for digitally underrepresented languages (Armenian and Somali). Conversely, human-in-the-loop
translations achieved comparable, often better, outcomes to professional translations for all
languages, (e.g., Armenian mean overall quality: 3.9 [95% CI 3.7-4.2] vs. professional 3.6 [3.4-3.9],
p = 0.01), were most frequently preferred (46.5% vs. 28.4%) and had shorter mean translation time (7.1
[5.4-8.8] vs. 16.8[13.7-19.9] min, p < 0.001). Human-in-the-loop strategies may enable safe, efficient,
equitable machine translation application in clinical practice.

The U.S. Census estimates that more than 25 million individuals in the
United States (U.S.) speak English less than “very well,” with a growing
proportion speaking a language other than English at home'. Patients who
use languages other than English for care have poorer clinical and patient-
centered outcomes, including medication adherence, healthcare utilization,
and adverse events™™. Barriers to high-quality translation are a key driver of
these inequities®. Written discharge instructions and portal messages,
among other forms of written materials, are essential modes of patient
education and care delivery. Yet, they are frequently only made available in
English®. Hospital in-house and third-party translation services can be costly
and often require multiple days for completion, if utilized at all, making
them impractical for time-sensitive communications™'’. Importantly, these
gaps persist despite federal policies that stipulate non-discrimination on the
basis of national origin and language access provisions among institutions
receiving funding from the Centers for Medicare and Medicaid Services''.

In the past decade, advances in artificial intelligence (AI) have gener-
ated interest in developing novel solutions to fill translation access chal-
lenges. The quality of neural machine translation systems like Google
Translate and large language models like ChatGPT vary across
languages'*™"”. The most significant deficits in accuracy and quality have
been reported in digitally underrepresented languages (e.g., Haitian Creole),
where relatively sparse linguistic datasets limits AI model training and
validation, regardless of the number of global speakers'®"”. Within this
context, Section 1557 of the Affordable Care Act requires that machine
translations must be reviewed by qualified translators™. The integration of
human oversight—known as human-in-the-loop approaches—emphasizes
the need for collaborative workflows with Al systems™*’. Manually
reviewing Al-generated material may safeguard against potential harm;
however, such benefits may be offset by added cognitive burden or over-
reliance on automated outputs™. To date, the human-in-the-loop
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paradigm in the context of machine translation has not been systematically
examined, limiting thoughtful implementation that balances quality, equity,
and operational efficiency. Furthermore, no prior investigation has sought
to capture the diverse perspectives of key partners—including those of
linguists, clinicians, and family caregivers—commensurate with the
nuanced and multidisciplinary nature of medical translation.

Therefore, we conducted a prospective study to compare the quality of
free-text hospital discharge instructions translations generated by
ChatGPT-40 and human-in-the-loop relative to professional translations
across six languages, as assessed by linguist, clinician, and family caregiver
evaluators.

Results

The study compared free-text pediatric inpatient discharge instructions
translated into Arabic, Armenian, Bengali, simplified Chinese, Somali, and
Spanish by three translation modalities: (1) ChatGPT-40 (Version 2024-11-
20), (2) human-in-the-loop, involving postediting of ChatGPT-4o transla-
tions by professional linguists, and (3) professional linguist, the current
reference standard.

Evaluator and source text characteristics

Translation performance was assessed by linguists, pediatric clinicians, and
family caregivers. Overall, 42 evaluators participated in the study (n =12
linguists, 7 =16 clinicians, n =14 caregivers), ranging between 6 and 8
evaluators per study language. The majority had either full professional
(45%) or native/bilingual (35%) proficiency in English with a mean of 16.4
years (SD 12.4) of residence in the US (Table 1).

Evaluators most commonly reported using English and their native
language equally when speaking and reading (60%), communicating with
friends (43%), and thinking (43%). The majority more often (45.2%) or
exclusively (21.4%) spoke their native language at home.

The mean text length of original English texts was 74.6 words (SD 28.5)
and the mean Flesch-Kincaid readability score, a measure of ease of
understanding a written text using sentence and syllable length along a
0-100 scale (higher values indicate easier to read), was 50.3 (SD 16.7),
consistent with a 10-12th grade reading level.

Translation ratings

Evaluators measured translation performance using a validated instrument
assessing adequacy (preservation of information), fluency (preservation of
grammar and readability), meaning (preservation of connotation or intent),
severity (risk of clinical harm or error) and overall quality. Each domain was
measured along a 5-point Likert scale (1-5; higher is better).

Interrater reliability was moderate for Arabic (ICC 0.50 [95% CI
0.42-0.58]), Bengali (0.53 [0.47-0.65]), Chinese (0.58 [0.44-0.69]),
Somali (0.61 [0.55-0.66]), and Spanish (0.55 [0.36-0.64]) and was
good for (Armenian (0.77 [0.74-0.80]). The Supplemental Online
Materials present numerical values (Supplementary Table 1) and bar
plots (Supplementary Fig. 1) of aggregate mean domain-level ratings;
mean domain-level ratings stratified by evaluator type (Supplementary
Fig. 2); and types of translation errors with illustrative examples
(Supplementary Table 2).

ChatGPT-40 vs. professional translation ratings. ChatGPT-40
exhibited differential performance across languages (Fig. 1). Relative to
professional translations, evaluators rated all domains for ChatGPT-40
most poorly for Armenian and Somali. For example, ChatGPT-40
translations for Armenian received a mean rating for the overall quality
domain of 2.4 (95% CI 2.1-2.7), which was 1.2 (1-1.4) lower than pro-
fessional translations ratings of 3.6 (3.4-3.9) (p <0.001). Albeit to a
slightly lesser degree, simplified Chinese and Arabic ChatGPT-40
translations were also generally rated lower than professional transla-
tions. Domain ratings were comparable between ChatGPT-40 and pro-
fessional translations for Bengali and Spanish. For example, the mean
overall quality scores for Bengali were 3.6 (3.4-3.8) for ChatGPT-40 and

Table 1 | Self-reported translation evaluator characteristics

Linguist Clinician Family Overall
caregiver
N=12 N=16 N=14 N=42

Native language, n (%)

Arabic 2(16.7) 3(18.8) 2(14.3) 7(16.7)

Armenian 2(16.7) 3(18.8) 2(14.3) 7(16.7)

Bengali 2(16.7) 3(18.8) 2(14.3) 7(16.7)

Simplified Chinese 2(16.7) 2(12.5) 3(21.4) 7(16.7)

Somali 2(16.7) 2(12.5) 2(14.3) 6(14.3)

Spanish 2(16.7) 3(18.8) 3(21.4) 8(19.0)
English proficiency, n (%)

No proficiency 0(0) 0(0) 0(0) 0(0)

Elementary proficiency 0(0) 0(0) 0(0) 0(0)

Limited working 0(0) 0(0) 1(7.1) 1(2.4)

proficiency

Professional working 4 (33.3) 1(6.3) 2(14.3) 7(16.7)

proficiency

Full professional 3(25.0) 6(37.5) 9 (64.3) 18 (42.9)

proficiency

Native or bilingual 5(41.7) 9 (56.3) 2(14.3) 16 (38.1)

proficiency

Years of residence in 3.00 (4.54) 22.8 (12.5) 19.8 (7.50) 16.4 (12.4)

United States, mean (SD)
Language(s) read and spoken, n (%)

Only English 1(8.3) 0(0) 0(0) 1(2.4)

More English than native 1 (8.3) 5(31.3) 3(21.4) 9(21.4)

language

Both equally 9(75.0) 8(50.0) 8(57.1) 25(59.5)

More native language 1(8.9) 3(18.8) 2(14.3) 6 (14.3)

than English

Only native language 0(0) 0(0) 1(7.1) 1(@2.4)
Language(s) spoken with friends, n (%)

Only English 1(8.3) 2(12.5) 0(0) 3(7.1)

More English than native 0 (0) 5(31.3) 5(35.7) 10(23.8)

language

Both equally 6 (50.0) 6(37.5) 6 (42.9) 18 (42.9)

More native language 5(41.7) 3(18.8) 2(14.3) 10(23.8)

than English

Only native language 0(0) 0(0) 1(7.1) 1(2.4)
Language(s) spoken at home, n (%)

Only English 2(0) 1(0) 0(0) 3(0)

More English than native 2 (16.7) 1(6.3) 3(21.4) 6(14.3)

language

Both equally 2(16.7) 4(25.0) 2(14.3) 8(19.0)

More native language 7 (58.3) 6 (37.5) 6 (42.9) 19 (45.2)

than English

Only native language 1(8.3) 5(31.3) 3(21.4) 9(21.4)
Language(s) think in, n (%)

Only English 1(8.3) 2(12.5) 0(0) 3(7.1)

More English than native 0 (0) 4 (25.0) 4 (28.6) 8(19.0)

language

Both equally 8(66.7) 5(31.3) 5(35.7) 18 (42.9)

More native language 3(25.0) 5(31.3) 4 (28.6) 12 (28.6)

than English

Only native language 0(0) 0(0) 1(7.1) 1(2.4)

3.5 (3.2-3.7) for professional translations, corresponding to a difference
of 0.1 (0-0.3) (p = 0.15).

Humane-in-the-loop vs. professional translation ratings. Overall
quality ratings for human-in-the-loop translations were similar to pro-
fessional translations for Arabic, simplified Chinese, and Somali.
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Fig. 1| Mean (with 95% confidence intervals) domain-level ratings. Each domain
on the radar chart is represented on an axis and mean ratings extend radially from
the center from 1 to 5, with 5 being the best. Color-coded asterisks (*p < 0.05,
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**p <0.01, ¥**p < 0.001) correspond to the Friedman test with post hoc Wilcoxon
signed-rank test for statistical significance relative to professional translations.
Adequacy and fluency domains only completed by linguist evaluators.

Evaluators scored overall quality for human-in-the-loop translations
higher than professional translations for Armenian, Bengali, and
Spanish. For example, the mean overall domain rating for Armenian
human-in-the-loop translations was 3.9 (3.7-4.2) for human-in-the-loop
and 3.6 (3.4-3.9) for professional translations, a difference of 0.3
(0.1-0.5) (p =0.01).

Human-in-the-loop translations also received comparable, if not
greater, ratings to professional translations for the adequacy, fluency,
meaning, and severity domains across most languages, with the highest scores
for Bengali and Spanish. For example, Spanish human-in-the-loop transla-
tions achieved a mean adequacy score 0f 4.7 (4.5-4.8), which was 0.4 (0.2-0.5)
greater than professional translations, which had mean ratings of 4.3 (4.2-4.5)

npj Digital Medicine | (2025)8:629


www.nature.com/npjdigitalmed

https://doi.org/10.1038/s41746-025-02055-6

Article

Fig. 2 | Preferred translation source.
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(p =0.01). For Somali human-in-the-loop translations, adequacy and fluency
ratings were poorer than professional translations, though still high, while all
other domains ratings were similar. There was no significant differences in
mean meaning scores, for example, with human-in-the-loop translations
rated 4 (3.7-4.2) and professional translations rated 3.9 (3.7-4.1) (p =0.7).

Translation source preference
For most study languages, human-in-the-loop was the most highly pre-
ferred translation modality, ranging from 42.9% (95% CI 34.7-51.1%) for
Arabic to 53.6% (45.1-61.7%) for Bengali (Fig. 2). Somali human-in-the-
loop translations (38.3% [9.6-46.9%]) were similarly preferred to profes-
sional translations (42.5% [33.7-51.3%)]).

Except for Spanish, evaluators least preferred ChatGPT-4o translations
for all languages, including Arabic (17.1% [10.9-23.3%]), Armenian (5.0%
[1.1-8.9%]), Bengali (22.1% [15.2-28.9%]), simplified Chinese (13.6%
[7.9-19.2%]), and Somali (14.2% [7.9-20.4%)]). Preferred translation sour-
ces for individual linguist, clinician, and caregiver evaluator groups are
presented in Supplementary Fig. 3.

Completion time

Across all languages, the mean time required to produce each translation was
significantly faster for human-in-the-loop than professional translations (7.1
[95% CI 5.4-8.8] vs 16.8 [13.7-19.9] min, p < 0.001). This held true for each
individual language but Armenian, for which human-in-the-loop and pro-
fessional translations took similar times to produce (human-in-the-loop 11.2
[9.3-13.1] vs. professional 13.0 [10.8-15.2] min) (Fig. 3). Otherwise, human-
in-the-loop translations were completed significantly faster than professional
translations for Arabic (3.5 [2.9-4.1] vs. 18 [15-21] min), Bengali (7.5
[6.2-8.8] vs 13.5 [11.2-15.8] min), simplified Chinese (7.4 [7.5-6-9.1] vs. 18.8
[15.6-21.9] min), Somali (3.9 [3.2-4.5] vs. 21.0 [17.5-24.5] min), and
Spanish (9 [7.5-10.5] vs. 16.5 [13.7-19.3] min), all p < 0.001.

Discussion
In this evaluation of machine translation quality across six languages by
diverse evaluators, ChatGPT-40 demonstrated variable performance in

translating free-text patient discharge instructions, with generally poorer
domain-level ratings and preference for digitally underrepresented lan-
guages, namely Armenian and Somali. Incorporating a human-in-the-loop
yielded similar, if not better, outcomes relative to professional translations
for most study languages, substantially reduced time to completion, and was
the most preferred translation modality. To our knowledge, this is among
the first studies to assess the use of human-in-the-loop approaches for
machine translation and to incorporate multidisciplinary evaluator groups,
including family caregivers.

Our findings advance an emerging body of literature showing imbal-
ances in machine translation capabilities for patient-facing communica-
tions. An assessment of standardized discharge instructions, for example,
found that Spanish and Portuguese translations generated by ChatGPT and
Google Translate were comparable in quality to professional versions, but
shortcomings and safety concerns were noted for Haitian Creole'’. Such
variation is likely due to inherent feature of all generative Al systems: the
quality of the output directly depends on the composition of underlying
training and validation datasets. Languages with a relatively large digital
footprint, such as Spanish, tend to yield better translation performance.

Conversely, machine translations have consistently shown to be worse
for languages, such as Haitian Creole, Somali, and Armenian, that are
comparatively underrepresented. Differences in sentence composition,
grammar, terminology, and other linguistic features relative to English and
other Western European languages may also impact translation quality.
This may in part explain the unexpectedly poor performance for some
aspects of Arabic and simplified Chinese machine translations'. Mean-
while, Bengali has been classically considered a digitally underrepresented
language, yet ChatGPT-4o received similar domain-level ratings to pro-
fessional translations. Drawing generalizable conclusions about the safety
and efficacy of machine translation may thus be challenging without indi-
vidualized validation for each language of interest.

Heterogeneity of machine translation quality reinforces the need for
ongoing oversight in clinical settings™. In our analysis, the utilization of
human-in-the-loop approaches improved outputs from ChatGPT-40
alone, approximating and often exceeding the level of quality and
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Fig. 3 | Mean (with 95% confidence interval) time 30
to translation completion for human-in-the-loop.
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Asterisks (*P < 0.05, **P < 0.01, ***P < 0.001)
correspond to statistically significant differences by
two-tailed t-tests.
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preferability to that of professional translations. Clinicians have increasingly
been integrated into Al-enabled clinical workflows as human safeguards
against potential machine-generated errors leading to patient harm®*. The
same imperatives should apply to machine translation. Linguists may be
able to navigate the nuances of cultural and clinical context in ways not yet
feasible for AI systems, particularly for digitally underrepresented
languages.

That human-in-the-loop and professional translations were more
preferred in our study than ChatGPT-40 despite comparable domain-level
ratings for some languages illustrates the importance of continued human
involvement. Our results altogether indicate that hybrid workflows com-
bining machine translation with manual proofreading could enhance effi-
ciency while maintaining high quality. Discharge instructions, portal
messages, and other time-sensitive written communication may be more
conducive to human-in-the-loop strategies than conventional translation
services that often require advance notice and long turnaround times.
However, these benefits may diminish if machine translation outputs
warrant considerable revision for a particular language, as was appreciated
for Armenian translations.

Optimizing efficiency, accuracy, and equity when operationalizing
machine translation into health systems remains an active area of inquiry.
Any technology intended for translation would be governed by federal
provisions that mandate a qualified translator “when accuracy is essential, or
when the source documents or materials contain complex, non-literal or
non-technical languages.”” Based on our findings, fully automated trans-
lation for certain low-risk, non-clinical activities, such as appointment
scheduling, may be permissible, however, it should be strictly limited to
languages that meet rigorous performance standards. Cautious introduction
of human-in-the-loop strategies may be appropriate along a broader range
of languages and applications.

Within this framework, institutional and national policies must
prioritize the perspectives and needs of multidisciplinary partners, parti-
cularly of patients and family caregivers”. We aimed to capture a more
comprehensive assessment than prior studies, which have exclusively relied
on a single evaluator type'>"”. Linguists, clinicians, and family caregivers
each provide distinct and complementary perspectives towards machine
translation quality. For example, linguists may place more weight on ade-
quacy and fluency while clinicians and family caregivers may prioritize

clinical meaning independent of linguistic structure. These groups should be
engaged within a responsible Al framework to not only define acceptable
clinical workflows and use cases, but also to protect patient privacy and
safety”.

Strengths of this study include the representative sampling of multiple
different target languages and evaluator groups and masked and rando-
mized study design to minimize bias. In addition, we characterized actual
free-text pediatric patient discharge instructions with variable readability, as
opposed to standardized or vendor-supplied materials. That said, important
limitations exist. Firstly, although our findings carry immediate practical
implications, they reflect a small number of source texts and may not be
generalizable to all languages, machine translation platforms, patient-facing
communications, or translation vendors. Secondly, we only evaluated the
first output from ChatGPT-4o with a relatively simple prompt to approx-
imate real-world user behavior. Translations may have been improved with
iterative prompt engineering and in-context learning, approaches that been
increasingly leveraged in machine translation applications™"'. Herein lies a
fundamental challenge in the era of Al research—Innovations in technology
and associated workflows are rapidly outpacing traditional academic and
regulatory processes””. Future work should consider more resource-efficient
methods that facilitate larger-scale and timely assessment; for example,
establishing benchmarking datasets or standardized quality metrics™.
Thirdly, while we pre-specified our pairwise comparisons and treated
domain-level outcomes as independent, the risk of Type 1 error cannot be
excluded. Lastly, despite receiving comprehensive training on study pro-
cedures, evaluators demonstrated only moderate interrater reliability for
most languages. Cultural and dialect-specific differences within languages
and subjectivity inherent to the evaluation framework may have contributed
to observed variation.

Al has created novel opportunities to improve linguistically-
appropriate care and clinical outcomes among patients who use languages
other than English. Yet, persistent disparities in machine translation may
place already vulnerable populations at risk of excess harm™. Human-in-
the-loop techniques were able to overcome performance gaps, producing
comparable results to professional linguists with greater efficiency. Our
findings suggest a viable strategy for implementing machine translation into
clinical practice safely and equitably, provided efforts are guided by linguists,
clinicians, caregivers, and patients themselves.

npj Digital Medicine | (2025)8:629


www.nature.com/npjdigitalmed

https://doi.org/10.1038/s41746-025-02055-6

Article

Methods

Source text selection and translation

We conducted a comparative analysis to evaluate quality and translation
time of three different translation modalities: (1) ChatGPT-40, (2) human-
in-the-loop, and (3) professional translation. First, we extracted customized,
patient-specific free text discharge instructions from inpatient hospital
admissions between 1/1/2023 and 1/1/2024 to non-surgical, non-intensive
care services at an urban, quaternary care children’s hospital. Discharge
instructions were originally prepared in English by physicians. Using pur-
posive sampling, we selected 20 source texts to represent common content
areas including summaries of hospitalization, return precautions, and
medication instructions. Prior to translation, we manually removed patient
and family identifiers, including names, addresses, contact information, and
medical record numbers. The study received approval from the Boston
Children’s Hospital Institutional Review Board (IRB-P00042876).

Subsequently, we translated de-identified source texts from English
into Arabic, Armenian, Bengali, simplified Chinese, Somali, and Spanish
(Fig. 4). We selected these languages based on available resources for
translation and evaluation and to reflect a representative sample of language
families, scripts, syntactic structures, and representation in computational
linguistics. Armenian, Bengali, and Somali are generally considered digitally
underrepresented languages. We used three translation modalities: (1)
ChatGPT-4o, (2) human-in-the-loop, wherein ChatGPT-40 translations
were manually post-edited by a professional linguist, and (3) professional
translation by a linguist (the reference standard).

ChatGPT-40 (Version 2024-11-20), the latest large language model
released by OpenAl at the time of the study, was accessed with a personal
subscription®. We used the following prompt for the ChatGPT-4o0 trans-
lation, adapted from a prior study: “Imagine you are a translator at a chil-
dren’s hospital. Please translate the following information into [target
language], which will be provided to patients and their families.”'*. The
prompt was developed in consultation with clinical informaticists and
language access researchers with the intention of mirroring real-world
clinician usage. We entered individual prompts for each source text and
target language on December 1, 2024. We used a certified third-party
translation service (LanguageLine; Monterey, CA) for the human-in-the-
loop and professional translations. Of note, human-in-the-loop and pro-
fessional translations were produced independently by separate linguists to
minimize contamination bias. Linguists recorded the total time (in minutes)
required to complete translations, excluding internal administrative pro-
cedures, like pre-processing and production queues.

Evaluator types

We recruited three evaluator types to rate translation performance: (1)
bilingual clinicians, (2) medically-certified linguists (i.e., professional
translators), and (3) bilingual family caregivers. All evaluators had native
fluency in the target language and were at least professionally fluent in
English. Clinician evaluators were practicing physicians and nurses with
backgrounds in pediatric specialties. Linguist evaluators were contracted

20 Free-text pediatric
discharge instructions

Translation
:
‘ ChatGPT-40 H Human-in-the-loop H Professional linguist ‘
| |
Evaluation
]
‘ Professional linguist H Clinician H Family caregiver ‘

Fig. 4 | Study design and evaluation methodology for each language.

from a different third-party translation service (Multilingual Connections;
Evanston, IL) than the vendor generating the professional and human-in-
the-loop translations. We partnered with the research and hospital family
advisory committee to identify caregiver evaluators. We assessed evaluator
demographics, language use, and proficiency of evaluators with an adap-
tation of the Short Acculturation Scale for Hispanics (SASH)”.

Translation evaluations

Each evaluator rated translations using a validated framework for machine
translation performance. The instrument consists of five linguistic domains:
(1) adequacy, or preservation of information, (2) fluency, or preservation of
grammar and readability, (3) meaning, or preservation of connotation or
intent, (4) severity, or risk of clinical harm or error, and (5) overall
quality>"'°. Evaluators scored domains along a 5-point Likert scale (1-5;
higher values indicate better performance) (Supplementary Table 3). Lin-
guists scored all 5 domains while caregivers and clinicians only scored the
meaning, severity, and overall quality domains, which we deemed to be the
most relevant for comprehension and clinical impact. In addition, all eva-
luators indicated their preferred translation modality, if any, for each set of
discharge instruction translations.

Individual evaluator groups participated in a comprehensive
training prior to study completion. During the training, study inves-
tigators described the objectives of the study and evaluation metrics.
Evaluators reviewed and scored example translations as a group until
internal consensus was reached.

Evaluators entered ratings into a secure, web-based data collection
platform (REDCap; Nashville, TN) with anonymized survey links. We
masked the translation source to evaluators and randomized the order in
which translations were presented. Translations were accompanied by the
original English text for comparison. Domain-level ratings and translation
source preferences were reported independently without internal discussion
or arbitration.

Statistical analysis

Evaluator and source text characteristics were summarized with descriptive
statistics. For each language, we aggregated the mean Likert rating (1-5)
across evaluator groups for the adequacy (linguist evaluator only), fluency
(linguistic evaluator only), meaning, severity, and overall quality domains.
We used the non-parametric Friedman test to assess differences in mean
domain-level ratings across translation modalities to account for the within-
subjects, repeated measures design. Where the Friedman test was statisti-
cally significant, we conducted post hoc pairwise comparisons using the
Wilcoxon signed-rank test to compare ChatGPT-40 and human-in-the-
loop translations with professional translations. Each domain was treated as
an independent outcome. We did not apply a correction for multiple
comparisons given the relatively small number of distinct, pre-specified
comparisons and a priori hypotheses regarding machine translation per-
formance. Translation source preference was described with proportions
(with 95% confidence intervals [CI]). We used two-tailed t-tests to compare
time to completion between human-in-the-loop and professional transla-
tions. Interrater reliability was measured with the intraclass correlation
coefficient (ICC) with a two-way mixed effects model. We interpreted the
ICC in accordance with accepted classifications: Less than 0.5 indicates poor
reliability; between 0.5 and 0.75, moderate reliability; between 0.75 and 0.9,
good reliability; and greater than 0.9, excellent reliability*. The threshold for
statistical significance was p < 0.05. All analyses were conducted in R sta-
tistical software, version 4.3.1 (R Project for Statistical Computing) using the
following packages: dplyr, rstatix, tidyverse, and interpretCL

Data availability
The data that support the findings of this study are available and may be
provided from the authors upon reasonable request.
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