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ABSTRACT 

Introduction: The Chronic Rhinosinusitis Control Test (CRCT) is a patient-reported outcome measure (PROM) written in English 
that is psychometrically validated to measure chronic rhinosinusitis control. Because the availability of translated PROMs is a 
driver of data equity—collection of data that is fair and generally representative—our objective was to create a library of translated, 
cross-culturally adapted versions of the CRCT that could ultimately be used for patients worldwide. 
Methods: A hybrid approach leveraging generative artificial intelligence (genAI) in collaboration with expert human linguists 
was employed for translation and cross-cultural adaptation of the CRCT. For each target language, forward translations were 
performed with three large language models (LLMs) (ChatGPT, Copilot, and Perplexity) after which an expert human linguist 
provided additional revisions that were used to create a consensus final translation. Backward translations were performed using 
LLMs (Claude, Copilot, and Perplexity). The accuracy and validity of translations at each step were assessed qualitatively and 
quantitatively. 
Results: The translation and cross-cultural adaptation of the CRCT was achieved into 37 languages: Arabic, Bengali, Brazilian 
Portuguese, Bulgarian, Cantonese Chinese, Czech, Danish, Dutch, European Portuguese, Filipino, Finnish, French, German, 
Greek, Hebrew, Hindi, Hungarian, Indonesian, Italian, Japanese, Korean, Mandarin Chinese, Norwegian, Persian, Polish, 
Punjabi, Romanian, Russian, Serbo-Croatian, Spanish, Swahili, Swedish, Thai, Turkish, Ukrainian, Urdu, and Vietnamese. These 
translated, cross-culturally adapted versions of the CRCT are made available in this article. 
Conclusion: Translated, cross-culturally adapted versions of the CRCT developed in this study promote data equity by serving as 
a basis for psychometric validation of the CRCT for worldwide use. 

T
p
©

I
h

his is an open access article under the terms of the Creative Commons Attribution-NonC
rovided the original work is properly cited, the use is non-commercial and no modificat
2026 The Author(s). International Forum of Allergy & Rhinology published by Wiley Per

nternational Forum of Allergy & Rhinology , 2026; 0:1–11 
ttps://doi.org/10.1002/alr.70194
ommercial-NoDerivs License, which permits use and distribution in any medium, 
ions or adaptations are made. 
iodicals LLC on behalf of ARS-AAOA, LLC. 

1 of 11

https://doi.org/10.1002/alr.70194
https://orcid.org/0000-0003-3979-0305
https://orcid.org/0009-0009-2980-804X
https://orcid.org/0000-0001-6304-3508
https://orcid.org/0000-0001-6331-2325
mailto:hye.pae@uc.edu
mailto:ahmad.sedaghat@uc.edu
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://doi.org/10.1002/alr.70194


1

F  

c  

d  

t  

r  

f  

D  

a  

h

I  

c  

m  

d  

(  

s  

a  

[  

C  

u  

u

A  

G  

c  

t  

C  

T  

r  

g  

m  

t
1  

i  

c  

r  

t  

o  

t  

t  

a  

a  

p  

c  

l  

C  

w  

r  

w  

p

2

2

T  

a  

t  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

2

 Introduction 

or chronic diseases that persist and are often uncurable, disease
ontrol is an important and desired outcome, which reflects a
isease state that is characterized by acceptability of its manifes-
iations rather than its resolution or eradication [ 1 ]. For chronic
hinosinusitis (CRS), control is an important goal of treatment,
actor in medical decision making, and outcome measure [ 1–4 ].
espite the long-standing significance of control in the evaluation
nd management of CRS, the means for measuring CRS control
as been historically varied and inconsistent [ 5 ]. 

n order to consolidate support around a broadly accepted,
onsistent means for assessing CRS control, an international
ultidisciplinary study identified consensus criteria for CRS
isease control [ 6 ]. The Chronic Rhinosinusitis Control Test
CRCT) [ 7 ], a patient-reported outcome measure (PROM), was
ubsequently developed based on these consensus criteria with
dditional input from patients and CRS experts around the world
 8 ], and psychometrically validated to measure the construct of
RS control [ 7 ]. Importantly, because the CRCT score can be
sed to classify CRS control as controlled, partly controlled, and
ncontrolled, it can be used to guide CRS treatment decisions. 

t present, the CRCT is only validated in the English language.
iven the universal importance of assessing, quantifying, and
lassifying CRS disease control, the psychometric validation of
he CRCT in other languages may be of significant utility for
RS patients, healthcare providers, and researchers worldwide.
his point is further amplified by the pressing need in biomedical
esearch for data equity—the collection of data that is fair,
enerally representative, and inclusive of all groups, including
arginalized ones—which can be impacted by the availability of
ranslated data collection tools, such as PROMs like the CRCT [ 9–
1 ]. However, before the CRCT can be psychometrically validated
n another language, it must first undergo translation and cross-
ultural adaptation, which can be time- and resource-intensive,
equiring linguistic expertise that may not be readily available
o all clinical researchers [ 12–14 ]. To remove this barrier, the
bjective of this study was to translate and cross-culturally adapt
he CRCT into languages that would increase the accessibility of
he instrument to CRS patients and their healthcare providers,
s well as researchers globally. To achieve our objective, we used
n established hybrid methodology that leveraged the growing
ower of generative artificial intelligence (genAI) with quality
ontrol and oversight by expert linguists [ 15 ]. Our result is a
ibrary of translated, cross-culturally adapted versions of the
RCT in 37 languages that span every populated continent, which
e provide herein. Our hope is that the results of this study will
educe the barrier for the CRCT to be psychometrically validated
idely for use by the maximum number of patients, healthcare
roviders, and researchers worldwide. 

 Methods 

.1 Study Design 

he structure of our study design is shown in Figure 1 and uses
 hybrid methodology partnering human linguists with genAI to
ranslate and cross-culturally adapt the CRCT into 37 languages
of 11
(Table 1 ). These languages were selected based on the worldwide
prevalence of speakers [ 16, 17 ] and the potential for the usage
of the translated CRCT instrument for CRS research globally.
As the first step prior to initiation of the study, we carried out
feasibility testing of genAI-supported CRCT translation to ensure
the practicality of genAI-supported translation, its applicability
to diverse languages, and achievability of successful translation.
Chinese, Japanese, and Korean were used for the feasibility
testing, given that each language has unique characteristics in
both spoken and written forms [ 18 ]. The findings of the feasibility
testing showed that genAI could be an effective complementary
engine for collaboration with human linguists in the translation
of the CRCT. 

Our protocol followed a previously reported recommendation for
a hybrid model for translation and cross-cultural adaptation of
text using genAI with humans’ linguistic quality check [ 15 ]. A
step-by-step translation and adaptation process was developed
and applied to the CRCT for each target language. As a brief
overview, the psychometrically validated English version of the
CRCT was forward translated using three genAI large language
models (LLMs): ChatGPT [ 19 ], Copilot [ 20 ], and Perplexity [ 21 ].
To ensure the quality of these three forward translations, we
invited human experts in linguistics to systematically assess and
validate the three genAI translations in the selected languages
using a standardized rubric. For each language, based on each
linguist’s assessments of the three translations, a translation eval-
uation committee consisting of the linguist and two other authors
(H.K.P. and A.R.S.) assembled a consolidated final translation
that underwent a genAI-supported backward translation into
English using three independent LLMs: Copilot [ 20 ], Perplexity
[ 21 ], and Claude [ 22 ]. All three backward translations were
then evaluated for changes in meaning or other inaccuracies
by the translation evaluation committee for each language. If
the backward translation was not satisfactory, this process was
performed iteratively to further refine the translation. 

2.2 Forward Translation Using Generative 
Artificial Intelligence 

The psychometrically validated English version of the CRCT was
forward translated using three LLMs (ChatGPT [ 19 ], Copilot [ 20 ],
and Perplexity [ 21 ]) between November 19, 2025 and December 8,
2025. These LLMs were chosen based on the perceived popularity
of the engines in the second half of 2025, on the authors’ personal
observations about their accuracy, LLMs used in the literature
[ 23, 24 ], and on the assumption that one translation engine
would not be enough. The previously validated English version
of the CRCT was uploaded into each platform with the specific
instructions: “Please translate the following questionnaire into
formal [specified language] appropriate for the general public
at a middle-school reading level.” No additional post-translation
processing was performed. 

2.3 Translation Review Process 

For each language, the three different genAI forward translations
were given to a linguistic expert in that language to review.
Expertise was defined based on post-graduate training,
International Forum of Allergy & Rhinology, 2026



FIGURE 1 Flow chart for translation process. 
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xperience with translation, and scholarly work in the field.
ur final, trusted pool of human experts comprised known
uthorities and established researchers in theoretical and applied
inguistics worldwide. Each linguistic expert was provided with
ackground on the construct of disease control, CRS, and the
RCT. Each linguist was also provided with specific instructions
hat the target audience for this instrument was the layperson,
ho would not be expected to have any advanced knowledge of
edicine and that the instrument should be understandable to
ndividuals with at least a sixth to eighth grade reading level. 

he linguists were asked to assess each of the genAI forward
ranslations using a rubric developed specifically for this study
Figure S1 ) that scored each of the five domains of conceptual and
ontent equivalence, expressive and semantic accuracy, linguistic
ccuracy/appropriateness, experiential and cultural equivalence,
nternational Forum of Allergy & Rhinology, 2026
and measurement equivalence on a continuous scale of 0 – 4 (with
anchors of 0 = inequivalent / unacceptable , 1 = major glaring issues ,
2 = minor issues , 3 = mostly acceptable with minor modification ,
4 = effectively equivalent / acceptable ), with a total possible score—
which we refer to as the translation validity score (TVS)—of 0 to
20. The face and content validity of this rubric was established
by expert linguists during feasibility testing and also confirmed
prior to formal translations. All linguists were asked to offer
suggestions for revisions to genAI forward translations to address
any TVS domain that was deemed to be less than acceptable or
equivalent to (i.e., domain score < 4) the original English version
of the CRCT. The translation evaluation committee consolidated
the comments and edits to the three genAI forward translations
proposed by the linguist into one final version of the translated
instrument that had unanimous support from the committee.
Through intensive discussions among the committee, the final
3 of 11



TABLE 1 Languages into which the Chronic Rhinosinusitis Control 
Test was translated and cross-culturally adapted. 

Language 

Arabic 
Bengali 
Brazilian Portuguese 
Bulgarian 
Cantonese Chinese 
Czech 
Danish 
Dutch 
European Portuguese 
Filipino 
Finnish 
French 
German 
Greek 
Hebrew 

Hindi 
Hungarian 
Indonesian 
Italian 
Japanese 
Korean 
Mandarin Chinese 
Norwegian 
Persian 
Polish 
Punjabi 
Romanian 
Russian 
Serbo-Croatian 
Spanish 
Swahili 
Swedish 
Thai 
Turkish 
Ukrainian 
Urdu 
Vietnamese 
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raft was refined to maintain linguistic naturalness and fidelity
o the original CRCT. In the structured process of the refinement,
ultiple genAI engines, including ChatGPT, Copilot, Perplexity
I, Gemini, and Claude, and additional genAI-powered transla-
of 11
tion tools, such as Google Translate and DeepL Translate, were
used. If any questions arose in the consolidation phase that
could not be resolved by the translation evaluation committee, a
second linguist was recruited to provide additional input. Once
a unanimous consensus was achieved around a final version
of the forward translation, a final TVS was completed by the
linguist(s). 

2.4 Generative Artificial Intelligence-Supported 

Backward Translation 

Each final, forward-translated version of the CRCT was
backward-translated into English by entering it into three
LLMs (Claude [ 22 ], Copilot [ 20 ], and Perplexity [ 21 ]) with
the prompt “Please translate this [specific language] text
into English.” We used one new LLM (i.e., Claude instead of
ChatGPT) for back-translation to examine whether shared LLM
tool bias would be observed. In other words, given that using the
same LLMs for forward and backward steps might not reveal
potential discrepancies that might be overlooked otherwise, we
intentionally used a new LLM for back-translation to ensure that
the quality check was as independent and unbiased as possible.
The backward translations were qualitatively reviewed by the
translation evaluation committee for approval. Additionally, each
backward translation was quantitatively evaluated and compared
to the original English version of the CRCT for the number of
words, reading level, and overall match. The reading level of the
backward translations was assessed using the Flesch–Kincaid
(FK) Grade Level and Flesch Reading Ease (FRE) score [ 25 ]. The
overall match of each backward translation with the original
English version of the CRCT was measured using the Bilingual
Evaluation Understudy (BLEU) method [ 26 ], implemented
in Python. BLEU uses a probabilistic n -gram (a contiguous
sequence of n items, such as letters, words, or tokens, from a text)
model, estimating the likelihood of a word based on the previous
n − 1 words, up to 4-grams (1-gram, 2-gram, 3-gram, 4-gram) with
equal or predefined weights [ 26 ]. Because word-level semantic
retention (1-gram) and phrase-level consistency (2-gram) were
of concern, we used BLEU scores 1 and 2 (reflecting 1-gram and
2-gram match) for this study. As previously described [ 27 ], BLEU
scores 0.3–0.4 reflected understandable-to-good translations,
0.4–0.5 reflected high-quality translations, 0.5–0.6 reflected very
high-quality, adequate, and fluent translations, while scores
greater than 0.6 were interpreted as better than human quality
translations. 

2.5 Statistical Analysis 

All analyses were performed using the statistical software pack-
age R version 4.4.0 ( www.r-project.org ) [ 28 ]. Standard descriptive
statistics were performed. Bivariate comparisons were performed
using the paired Wilcoxon rank sum test. Comparison of TVS
(total and domain scores) distributions across the three LLMs
was performed using the Kruskal–Wallis rank sum test, with post
hoc comparison testing using Dunn’s test with Bonferroni p -value
adjustment. 
International Forum of Allergy & Rhinology, 2026
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 Results 

.1 Forward Translation of the Chronic 
hinosinusitis Control Test by Generative AI 

sing three LLMs (ChatGPT, Copilot, and Perplexity), the CRCT
irst underwent forward translation into the 37 target languages.
he TVS for each genAI forward translation is shown in Table 2 .
he mean TVS and TVS domain scores, stratified by LLM, for
he genAI forward translations are shown in Table 3 , while the
istribution of mean TVS scores for the genAI forward transla-
ions is shown in Figure 2 . The languages having the lowest mean
VS score were Czech, Hindi, Norwegian, Romanian, Swahili,
nd Ukrainian (mean TVS < 14 for all), while languages having
he highest mean TVS score for genAI forward translations were
rabic, Bengali, Bulgarian, Persian, Japanese, Korean, Mandarin,
nd Urdu (mean TVS > 18 for all). 

he distributions of TVS for forward translations by each of the
hree different LLMs used are shown in Figure 3 . The mean
VS for forward translations generated by ChatGPT was 15.7 (SD:
.1), by Perplexity was 16.1 (SD: 3.1), and by Copilot was 16.3
SD: 2.7). Although the distribution of TVS skewed lower for
hatGPT and Perplexity compared to that of Copilot, there was
o statistically significant difference (p = 0.635) in TVS across the
LMs. Similarly, there were no statistically significant differences
n TVS domain scores between LLMs ( p > 0.400 for all TVS
omain scores). In other words, all LLMs (ChatGPT, Copilot,
nd Perplexity) produced forward translations of quantitatively
omparable quality and validity. 

owever, we did find significant differences when comparing
VS domain scores within LLMs ( p = 0.016 for ChatGPT, p
 0.002 for Perplexity, and p = 0.001 for Copilot). Post hoc
omparisons indicated that the experiential and cultural equiva-
ence domain scores were significantly higher than the linguistic
ccuracy/appropriateness domain scores for all LLMs ( p = 0.020
or ChatGPT, p = 0.002 for Perplexity, and p = 0.018 for Copilot).
he experiential and cultural equivalence domain scores were
lso higher than the expressive and semantic accuracy domain
cores for Perplexity ( p = 0.043) and Copilot ( p = 0.026). 

.2 Translation and Cross-Cultural Adaptation of
he Chronic Rhinosinusitis Control Test 

he final translation and cross-cultural adaptation of the CRCT
nto the 37 languages was completed after input and modification
f the genAI forward translations by human linguistics experts
n those respective languages; these final translated versions of
he CRCT are all provided in the Appendix in the Supporting
nformation. Common qualitative cultural considerations and
daptations that were discussed and implemented were related
o the term “post-nasal drip” not existing in a given language,
mplications of the term “steroid” as potentially reflective of
nabolic steroids rather than corticosteroids, as well as which cor-
icosteroid medication may be most commonly used in a culture
nd therefore most appropriate to refer to as an example (e.g., the
nglish version of the CRCT refers to prednisone as t example
f an oral corticosteroid). Language-specific considerations and
daptations were also discussed and implemented. 
nternational Forum of Allergy & Rhinology, 2026
The mean TVS of the final CRCT translations was 19.8 (out of
a maximum of 20) and 32 translations (out of 37) achieved a
maximum TVS of 20. For the final translations that did not reach
the maximum TVS of 20 (four [Brazilian Portuguese, Italian,
Norwegian, and Vietnamese] had final TVS of 19 and one [Hindi]
had final TVS of 18), only minor issues were identified—such as
wording issues and nuances lost in the translation—that were
ultimately deemed necessary and tolerated in balancing linguistic
conventions with fidelity to the original CRCT. In no cases
were these minor issues deemed by the linguists to impact the
comprehensibility of the translated instrument. As expected, the
TVS for the final translations was significantly greater than the
TVS for the genAI forward translations by ChatGPT, Perplexity,
and Copilot ( p < 0.001 for all cases). 

3.3 Backward Translation of Translated/Adapted 

Versions of the Chronic Rhinosinusitis Control Test 

Backward translations by Copilot, Perplexity, and Claude LLMs
of all final, translated, cross-culturally adapted versions of the
CRCT were qualitatively reviewed and unanimously approved as
acceptable by their respective translation evaluation committee.
The performance of Claude (the LLM newly adopted for back-
ward translation instead of ChatGPT) showed no discrepancies
with that of the other two LLMs (Copilot and Perplexity), which
provided reassurance for translation independence and quality
and indicated no potential shared-tool bias. The quantitative
analyses of backward translations are shown in Table 4 . In
comparison to the original English version of the CRCT, which
had 169 total words, an FK grade level of 5.9, and an FRE score of
78.3, the English backward translations of the translated, cross-
culturally adapted versions of the CRCT had closely matching
quantitative characteristics. Additionally, the BLEU-1 scores were
almost universally reflective of high-quality translations or better,
with one exception of the BLEU-1 score for the Perplexity
backward translation of the Hindi CRCT that had BLEU-1 score of
0.39. BLEU-2 scores were almost entirely reflective of high-quality
translations or better, with only Cantonese, Czech, and Thai
Copilot backward translations, Cantonese, Hindi, and Japanese
Perplexity backward translations, and German, Hebrew, Urdu,
and Vietnamese Claude backward translations having BLEU-
2 scores in the range of 0.35–0.40, indicating good translation
quality. All languages had at least one backward translation that
had a BLEU-2 score of high-quality or better. 

4 Discussion 

The importance of quantifying CRS control and classifying
uncontrolled disease has only increased with time [ 5, 29–31 ].
With its international, multidisciplinary, and consensus-derived
origins, the CRCT—a psychometrically validated PROM that
quantifies and classifies CRS control—is a globally useful instru-
ment, both for patient care and for research [ 7 ]. However, before
the CRCT, which was developed and validated in the English
language, can be psychometrically validated for use in other lan-
guages, it must undergo translation and cross-cultural adaptation
in those languages [ 32 ]. In order to remove this resource-intensive
barrier [ 14, 33 ], the objective of our study was to create a library of
translated and cross-culturally adapted versions of the CRCT that
5 of 11



TABLE 2 Translation validity scores for CRCT forward translations made by large language models. 

Translation validity scorea 

Language ChatGPT Perplexity Copilot Meanb Final translationc 

Arabic 19 20 19 19.3 20 
Bengali 19 18 18 18.3 20 
Brazilian Portuguese 18 13 17 16 19 
Bulgarian 19 18 20 19 20 
Cantonese Chinese 13 14.5 15.5 14.3 20 
Czech 14 13 12 13 20 
Danish 16 10 17 14.3 20 
Dutch 17 17 17 17 20 
European Portuguese 13 15 17 15 20 
Filipino 17 12 18 15.7 20 
Finnish 14 16 17 15.7 20 
French 15 15 15 15 20 
German 16 19 19 18 20 
Greek 11 17 18 15.3 20 
Hebrew 15 16 16 15.7 20 
Hindi 11 11 11 11 18 
Hungarian 17 20 16 17.7 20 
Indonesian 18 15 14 15.7 20 
Italian 13 15 15 14.3 19 
Japanese 20 19.5 19.5 19.7 20 
Korean 18.5 18.5 19 18.7 20 
Mandarin Chinese 17 18.5 19 18.2 20 
Norwegian 9 14 9 10.7 19 
Persian 17 19.5 18.5 18.3 20 
Polish 17 19 15 17 20 
Punjabi 17 14 16 15.7 20 
Romanian 6 15 11 10.7 20 
Russian 18 17 18 17.7 20 
Serbo-Croatian 14 17 18 16.3 20 
Spanish 17 17 17 17 20 
Swahili 16 6 13 11.7 20 
Swedish 16 19 18 17.7 20 
Thai 18 18 18 18 20 
Turkish 18 17 16 17 20 
Ukrainian 11 15 13 13 20 
Urdu 19.5 19.8 19.5 19.6 20 
Vietnamese 15.5 18.5 15.5 16.5 19 

a Maximum score of 20. 
b Mean of TVS from forward translations created by ChatGPT, Perplexity, and Copilot. 
c Final forward translation produced by synthesizing forward translations by the three large language models and comments/input from human linguists. 

6 of 11 International Forum of Allergy & Rhinology, 2026



TABLE 3 Translation Validity total and domain scoresa for CRCT forward translations made by large language models. 

ChatGPT Perplexity Copilot 
Final 

translationb 

Domain scores (range 0–4) 
Conceptual and content equivalence 3.2 (0.8) 3.3 (0.8) 3.4 (0.7) 4.0 (0.0) 
Expressive and semantic accuracy 3.0 (0.8) 3.1 (0.7) 3.0 (0.7) 4.0 (0.2) 
Linguistic accuracy 2.8 (0.8) 2.9 (0.8) 3.0 (0.7) 3.9 (0.3) 
Experiential and cultural equivalence 3.4 (0.7) 3.5 (0.7) 3.5 (0.7) 4.0 (0.1) 
Measurement equivalence 3.2 (0.9) 3.3 (0.8) 3.4 (0.7) 3.9 (0.2) 
Total score (range 0–20) 15.7 (3.1) 16.1 (3.1) 16.3 (2.7) 19.8 (0.4) 

a Mean (standard deviation) shown. 
b Final forward translation produced by synthesizing forward translations by the three large language models and comments/input from human linguists. 

FIGURE 2 Histogram plot of mean translation validity scores for 
forward translations of the CRCT created using ChatGPT, Perplexity, and 
Copilot. 
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ould be used as a starting point for its psychometric validation
orldwide. Using genAI-supported methodology in collaboration
ith expert linguists providing oversight and quality control for
ach language, we report and provide the translation and cross-
ultural adaptation of the CRCT into 37 languages that are spoken
cross every populated continent. 

ur results indicated that no LLM (between ChatGPT, Copilot,
r Perplexity) produced significantly higher quality translation
han the others, although CRCT translations produced by LLMs
lone were not accurate enough for use. While LLMs produced
ostly accurate translations, the input of human linguists was
ecessary to produce maximally accurate, valid translations.
daptations of the translated CRCT had to balance linguistic
alidity—including linguistic naturalness—with fidelity to the
riginal CRCT. Although 32 out of 37 CRCT translations reached
 maximum TVS, 5 translations (Brazilian Portuguese, Italian,
orwegian, Vietnamese, and Hindi) ultimately retained some
ossibly mildly uncommon language in the interests of fidelity
o the original CRCT, leading to acceptable but not maximal TVS.
nternational Forum of Allergy & Rhinology, 2026
In creating and reporting a library of translated, cross-culturally
adapted CRCTs, we believe that our results will serve as an
important resource for validation and utilization of the CRCT
globally. 

Our study also makes an important, novel contribution by
demonstrating the power of genAI to assist high-quality trans-
lation of PROMs. Reporting the largest-scale translation and
cross-cultural adaptation of a single PROM using a genAI-
supported framework, our work has important implications for
PROM accessibility and data equity that extend beyond the CRCT.
Data equity is recognized as a major problem by the World
Health Organization [ 34 ], as clinical trials have historically been
disproportionately led by and included participants from high-
income countries. The impact of a PROM extends only as far as
the individuals who are proficient in its language [ 35–39 ], and the
present-day deficiency of data equity in clinical trials is driven in
part by the accessibility of key outcome measures like PROMs,
which are disproportionately developed and translated in English
or languages of wealthy, more populous countries [ 35, 40–42 ].
With the recognized need for multinational studies that are more
globally representative of patients and the implicit constraints
placed on PROMs based on language, the critical importance of
wide-ranging translation and cross-cultural adaptation of PROMs
is clear [ 43 ]. However, translation and cross-cultural adaptation
demand time, manpower, and financial support [ 14, 33 ], all of
which present real-world challenges that can be insurmountable
barriers to widespread availability of PROMs. Recently, exciting
advances in genAI have identified LLMs as an emerging resource
that may be used for tasks ranging from creating PROMs [ 44 ] to
reducing the barriers for translation and cross-cultural adaptation
[ 15, 45 ]. 

LLMs have already shown promise in accurately translating
clinical patient-facing materials, such as patient instructions or
clinical education materials, from English to other languages [ 46–
49 ]. LLMs have also been demonstrated to accurately translate
PROMs [ 50 ]. In a study by Lu et al., LLMs were used for forward
translation (from English into Arabic, Vietnamese, Italian,
Hungarian, Malay, and Dutch) and backward translation of two
widely used PROMs for outcomes of reconstructive surgery in
comparison to human translators [ 50 ]. In comparison to human
translators, LLMs generally created good-quality or better
7 of 11



FIGURE 3 Histogram plots of translation validity scores (TVS) for forward translations of the CRCT created using ChatGPT, Perplexity, and Copilot. 

TABLE 4 Quantitative analysis of backward translations into English of translated/adapted versions of the CRCT. 

Copilot Perplexity Claude 

Number of wordsa Mean: 177.8 Mean: 179.1 Mean: 182.9 
SD: 8.5 SD: 10.9 SD: 9.0 

Median: 178 Median: 176 Median: 183 
Range: 164–198 Range: 161–206 Range: 164–199 

Flesch–Kincaid 
Grade Levelb 

Mean: 7.0 Mean: 7.9 Mean: 7.3 
SD: 1.5 SD: 1.3 SD: 0.9 

Median: 6.7 Median: 7.5 Median: 7.2 
Range: 3.7–11.0 Range: 4.8–10.1 Range: 5.3–9.9 

Flesch Reading Ease 
scorec 

Mean: 70.5 Mean: 65.6 Mean: 68.2 
SD: 7.4 SD: 7.0 SD: 5.4 

Median: 71.7 Median: 67.5 Median: 68.3 
Range: 51.1–87.9 Range: 50.6–82.4 Range: 49.6–77.4 

BLEU-1 score Mean: 0.69 Mean: 0.68 Mean: 0.66 
SD: 0.07 SD: 0.09 SD: 0.07 

Median: 0.70 Median: 0.69 Median: 0.67 
Range: 0.55–0.84 Range: 0.39–0.81 Range: 0.46–0.77 

BLEU-2 score Mean: 0.49 Mean: 0.48 Mean: 0.47 
SD: 0.07 SD: 0.06 SD: 0.06 

Median: 0.49 Median: 0.48 Median: 0.47 
Range: 0.38–0.63 Range: 0.36–0.61 Range: 0.35–0.57 

a The original English version of the CRCT has 169 words. 
b The original English version of the CRCT has a Flesch-Kincaid Grade Level of 5.9. 
c The original English version of the CRCT has a Flesch Reading Ease score of 78.3. 
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ranslations, with excellent accuracy for rote translation,
lthough human translators were found to be especially impor-
ant for making sociocultural adaptations that LLMs were unable
o make [ 50 ], leading to the conclusion that using LLMs with
uman quality control may lead to the best translation results. In
act, in a randomized double-blind non-inferiority study compar-
ng translation methodologies for a PROM, the combined use of
LMs with quality control by a human translator led to equivalent
ranslation quality to that produced by human translators [ 24 ].
of 11
Our results support these prior findings as virtually none of
the genAI forward translations of the CRCT was found to be
acceptable on their own, while the addition of input from human
linguists led to appropriate and acceptable translational validity. 

Our study should be interpreted within the constraints of its
limitations. Although LLMs have been used with human trans-
lators for quality control to translate and adapt text [ 24, 50 ],
this is still an area of active investigation, as LLMs are known
International Forum of Allergy & Rhinology, 2026
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o have limitations in translation and cross-cultural adaptation
f text. For example, in many of our translations, the term
post-nasal drip” was translated using descriptive terminology
hile human linguists pointed out that the terminology itself
as not used in their respective languages. Although LLMs are
ot human, they may still have the same cultural, racial, and
ender biases implicit in that human-generated text on which
hey were trained. Previous studies have found that LLMs may
how bias in cultural values toward higher-income, English-
peaking, and Protestant European countries [ 51, 52 ]. LLMs can
lso take on cultural biases based on the language that is used
o interact with them [ 51, 53 ]. As a result, the accuracy of LLMs
or translation may be dependent on the target language [ 50,
4 ], sometimes struggling with low-resource languages (that have
imited digital data that can be used to train LLMs) [ 55 ]. In this
egard, our results were somewhat mixed, with low-resource and
igh-resource languages among both the lowest and the highest
uality forward translations. The limitations of LLMs reflect the
mportance of continued oversight and intimate involvement of
uman experts in the process of translation and cross-cultural
daptation, which was supported by our results. Additionally,
e also acknowledge that the translated and cross-culturally
dapted versions of the CRCT that we provide should be used as a
tarting point, and prior to psychometric testing, pilot testing for
nderstandability with real-world patients is needed [ 33 ]. Finally,
t is of importance to reiterate that the translated and cross-
ulturally adapted versions of the CRCT that we provide must
ndergo psychometric validation in each language before they
an be used in that respective language. 

 Conclusion 

he library of translated, cross-culturally adapted versions of
he CRCT into 37 languages reported here may serve as the
oundation for psychometric validation, and ultimately for use
y patients, worldwide. Moreover, LLMs appear to function
omparably across platforms and consistently across different
anguages as important resources for the translation of PROMs.
owever, accompanying input and oversight by human linguists
re still needed to produce acceptable and linguistically valid
ROM translations/adaptations. 
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