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Abstract
Background  While there has been much discussion around the use of Artificial Intelligence (AI) for multilingual 
translations in other areas, recommendations pertaining specifically to the use of AI in the context of Clinical 
Outcome Assessment (COA) translation, linguistic validation, and electronic migration within clinical trials are lacking. 
Without published recommendations or guidelines, stakeholders involved in the COA translation process may 
be hesitant to explore or include AI. To address this gap, the AI Working Group of the ISOQOL TCA-SIG conducted 
a study to assess the landscape of AI in this specific context aimed at proposing recommendations for potential 
implementation of AI in COA translation, linguistic validation and electronic migration processes.

Methodology  The study consisted of three parts: (1) a literature review targeting studies using AI in COA translation; 
(2) a survey among relevant stakeholders assessing perceptions of AI use in COA translation; and (3) interviews with AI 
subject matter experts (SMEs).

Results  Survey responses were received from a total of 50 individuals from a wide variety of stakeholder groups, 
including COA copyright holders, representatives from pharmaceutical company COA/HEOR teams, respondents 
holding roles associated with the COA translation, eCOA, and AI industries, and authors of the 2005 ISPOR task force 
article on linguistic validation methodology. Survey data provided detailed feedback regarding the appropriateness 
of using AI during all reviewed process steps. Results of the literature review and AI expert interviews provided 
additional depth and nuance, allowing for the generation of detailed recommendations covering the use of AI within 
linguistic validation and eCOA migration processes.

Conclusions  When assessing the potential use of AI tools within the linguistic validation process, it is important to 
consider not only the capabilities of the technology, but also the degree to which use of AI may or may not align with 
the spirit and intent of existing linguistic validation guidelines. The recommendations included in this manuscript 
are designed to balance considerations of technological capability and improved efficiency with concerns related 
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Background
Artificial intelligence (AI) is a rapidly evolving area trans-
forming both the translation industry and the healthcare 
industry as a whole. AI, as defined through discussion 
and examination of existing definitions by the AI Work-
ing Group of the ISOQOL Translation and Cultural 
Adaptation Special Interest Group (TCA-SIG), is a tech-
nology that enables computers and machines to simulate 
human intelligence and problem-solving capabilities. 
The U.S. Food and Drug Administration (FDA) defines 
AI as “a machine-based system that can, for a given set 
of human-defined objectives, make predictions, recom-
mendations, or decisions influencing real or virtual envi-
ronments. AI systems use machine- and human-based 
inputs to perceive real and virtual environments; abstract 
such perceptions into models through analysis in an 
automated manner; and use model inference to formu-
late options for information or action” [1].

In its Patient-Focused Drug Development guidance, 
FDA notes that “poorly translated survey instruments 
can prevent researchers from collecting data comparable 
to that of surveys in the source (original) language” [2]. 
To maintain conceptual equivalence and cultural appro-
priateness across languages and countries when trans-
lating clinical outcome assessments (COAs), a complex 
linguistic validation (LV) methodology was codified by 
Wild et al. in 2005. This methodology relies on input 
from multiple translators, reviewers, and proofreaders, 
and requires interviewing native-speaking patients with 
a relevant health status or condition to ensure transla-
tions are adequately comprehended by the target popu-
lation [3]. Figure 1 provides a detailed map of key LV 
process steps which has been expanded to include related 
processes such as eCOA migration, while Appendix A 
provides brief descriptions of these steps. Approaches 
consistent with this have since been accepted as best 
practice by regulatory bodies, outcomes research profes-
sionals, and clinical trialists.

As translation and LV of COAs is a time- and cost-
intensive endeavor, potential exists to leverage AI to 
make the process more efficient [4]. However, this 
potential may be difficult to realize without thorough 
assessment of AI’s capabilities and risks in relation to 
translation quality and cultural appropriateness. Another 
key concern is protecting the intellectual property of 
COA copyright holders; the European Medicines Agency 
(EMA) cautions that Large Language Model (LLM) 
outputs could potentially “reveal sensitive information 

included in datasets used for training” and “infringe on 
other legal rights, such as copyright” [5].

While much discussion about using AI for multilin-
gual translations in other areas exists, recommendations 
pertaining specifically to AI use in the context of COA 
translation, LV, and electronic migration within clinical 
trials are lacking. Presently, the most widely referenced 
guidelines and recommendations associated with COA 
translation processes do not cover the potential use of AI 
[3, 6–8]. Without published recommendations or guide-
lines specific to each of the many steps in the LV process, 
stakeholders involved in the COA translation process 
may be hesitant to explore or include AI; conversely, a 
lack of guidance may encourage potentially inappropriate 
AI use, jeopardizing the validity of those newly translated 
measures. To address this gap, the ISOQOL TCA-SIG 
AI Working Group conducted a study to assess the land-
scape of AI in this specific context aimed at proposing 
well-defined and granular recommendations for poten-
tial AI implementation in COA translation, LV and elec-
tronic migration processes.

Methods
The study consisted of three parts: (1) a literature review 
targeting studies using AI in COA translation; (2) a sur-
vey among relevant stakeholders assessing perceptions 
of AI use in COA translation; and (3) interviews with AI 
subject matter experts (SMEs).

Literature review
A search was conducted in PubMed from inception 
to July 5, 2024, with a combination of search terms for 
COAs, AI, and translation. No language or other restric-
tions were applied. The full search strategy is reported in 
Supplement 1 [9]. Studies were included if they used AI 
for translating at least one COA, or if they referenced AI 
use in the translation of COAs.

Survey
A core survey containing 27 items was drafted and final-
ized via group discussion Supplement 2. Questions 
focused on capabilities of AI in supporting specific LV 
process steps, whether introduction of AI would be a 
positive or negative development, security of IP, how 
respondents perceived the views of other key stakeholder 
groups, and potential effects of AI on project costs and 
timelines. Nine items elicited free text responses related 

to intellectual property protection, data privacy/security, and the goal of keeping patients at the center of outcomes 
research.

Keywords  Artificial intelligence (AI), Translation, Linguistic validation (LV), Clinical outcome assessments (COAs), 
Patient-reported outcomes (PROs), Intellectual property (IP), Cultural adaptation, Intellectual property (IP)
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to the above topics. Free text response prompts appeared 
after each of the 18 structured items.

The AI Working Group noted that regardless of AI’s 
technical capability to contribute to COA/eCOA trans-
lation tasks, adoption of the technology was currently 
limited by fears that key stakeholder groups would not 
find AI use acceptable. To explore this concept further, 
respondents were asked whether they believed COA 
copyright holders, pharmaceutical sponsors, and regula-
tory bodies would find AI involvement in specific process 
steps acceptable or unacceptable. For COA copyright 
holders and pharmaceutical sponsors, the AI Working 
Group could then compare actual views of these stake-
holders against their views as perceived by respondents 
in different stakeholder categories.

Following completion of the core survey, three addi-
tional versions were created, each targeting a specific 
stakeholder group Supplement 2. These groups included 
(1) COA copyright holders, (2) individuals work-
ing within pharmaceutical companies’ COA or HEOR 
departments, and (3) members of the original authorship 
group of the 2005 ISPOR task force article by Wild et al., 

widely seen as the foundational publication for current 
standard practices [3].

Surveys were sent to 100 recipients, including 24 
copyright holders, 9 pharmaceutical employees focused 
on COA/HEOR, 2 regulators, 5 members of the origi-
nal ISPOR task force not involved as co-authors of this 
manuscript, 12 employees of language service provid-
ers (LSPs), 20 freelance translators experienced in COA 
translation, 8 AI specialists, 2 IRB representatives, 4 
employees of HEOR consulting firms, 12 employees of 
eCOA providers, and 2 leaders of the ISOQOL Scientific 
Program Committee for the 2025 annual conference. Any 
recipients who did not receive one of the three variations 
described above were sent the core survey. The surveys 
were completed online during October and November 
2024.

Interviews with AI SMEs
After initial survey results review, the AI Working Group 
agreed that while the responses were relevant, useful, 
and representative of a wide variety of COA experts, 
there was insufficient technical input on which to base 

Fig. 1  Linguistic Validation Process Map. Dotted lines indicate processes that may be optional for some projects. *LV best practice guidelines recommend 
at least one back-translation. Some LV providers or methodologies may include two back-translations in this step
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recommendations. Accordingly, five in-depth semi-struc-
tured interviews with AI SMEs were conducted. These 
interviews were completed in January and February of 
2025, and participants included AI experts from IQVIA, 
Lionbridge, RWS, and TransPerfect, companies which 
provide translation, LV, and technology services, and 
WOLK.ai, a software and AI services company. Each par-
ticipant was asked the same series of questions focused 
on AI security, intellectual property, and AI capabilities 
within the LV processes.

Results
Literature review
A total of 553 abstracts were identified, assigned and 
screened. No screened manuscripts were relevant 
according to pre-defined criteria. Other literature ger-
mane to COAs, AI and translation like conference pre-
sentations and white papers were identified via working 
group recommendations (n = 6) and are summarized 
here.

COA translation comparison/evaluation studies
Several studies investigated how AI-based translation 
compares to human translation in the context of COA 
translation. Using Metric for Evaluation of Translation 
with Explicit ORdering (METEOR) scoring, Lu and col-
leagues compared Arabic, Vietnamese, Italian, Hungar-
ian, Malay, and Dutch translations produced by LLMs 
(GPT-4, GPT-3.5 and Google Translate) to human 
translations of portions of the Breast-Q and Face-Q 
PRO measures. Their findings suggested that while 
LLMs can provide high-quality translations to support 
human translators, substituting human translators with 
machine translation (MT) entirely is not advisable [10]. 
Similarly, Kunst and colleagues compared AI-supported 
(Google Translate and GPT-3.5) and human translations 
of a personality inventory. They proposed a framework 
describing four potential levels of integration for AI in 
cross-cultural research, varying by language type, rang-
ing from AI as a preliminary forward translation to full 
AI translation with human review [11]. Wolk and col-
leagues developed a semi-automatic semantic evaluation 
metric to assess the quality of Polish translations of 150 
items from the Patient-Reported Outcome Measure-
ment Information System (PROMIS). Their results indi-
cated that the human-aided translation evaluation metric 
(HMEANT) aligned most closely with expert human 
judgments, suggesting potential utility for AI-based mod-
els in COA translation quality control [12].

AI in specific COA translation process steps
Other research focused on AI’s potential involvement 
in specific COA translation steps. Casale and colleagues 
leveraged Chat GPT-4o to compare source text to 

back-translated text categorizing it as identical, equiva-
lent, or needing review while also generating contextual 
comments for non-identical items. Across a sample of 
approximately 1,000 words, AI outperformed human 
translators with over 5 years of experience, though the 
authors emphasized the need for further testing before 
large scale adoption [13]. Olesa and colleagues explored 
generative AI applications in the context of concept elab-
oration – the process of creating clear and comprehen-
sive explanation of COA concepts. Using Chat GPT-4o, 
they conducted a blinded, five-category comparison of AI 
and human generated elaborations across various COA 
types and sizes. Although human outputs generally dem-
onstrated higher quality, AI achieved comparable perfor-
mance in some categories. The authors concluded that 
a human-in-the-loop approach currently represents the 
most reliable strategy to ensure accuracy and complete-
ness in COA concept elaboration [14].

Perceptions and implementation challenges related to AI 
use in the context of COA translation
Poepsel and colleagues investigated professional attitudes 
toward AI integration within COA translation and LV 
processes. Their survey of LV professionals (N = 52) and 
linguists (N = 83) representing 60 languages found that 
although both groups did see benefit in using machine 
translation as part of the COA translation process, fair 
levels of resistance and hesitancy existed. The authors 
emphasized the need for regulatory guidance and the 
establishment of industry-wide best practices to support 
responsible use of AI in COA translation [15].

Summary of literature
Taken together, these studies illustrate the emerging 
and multifaceted role of AI in COA translation and LV. 
While AI systems show promise in improving efficiency, 
consistency and quality assessment, the evidence consis-
tently supports maintaining a human-in-the-loop model. 
Continued methodological research coupled with clear 
regulatory and ethical frameworks is essential to ensure 
responsible adoption of AI in this evolving field.

Survey results
Survey responses were received from 50 individuals 
(response rate 50%). 15 (30%) were COA copyright hold-
ers, 5 (10%) were representatives from pharmaceuti-
cal company COA/HEOR teams, 28 (56%) were from 
respondents holding roles associated with the COA 
translation, eCOA, and AI industries, and 2 (4%) were 
2005 ISPOR task force article authors. No responses were 
received from regulatory body representatives. One sur-
vey respondent later joined the AI Working Group but 
did not participate as an author. No other members com-
pleted the survey. Respondents could skip questions, and 
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so response rates for individual questions ranged from 
84% (42/50) to 100% (50/50).

Respondents could report the organization with 
which they were affiliated. 29 respondents did so; orga-
nizations included the Art of Diversity Translation, 
Critical Path Institute, Eli Lilly and Company, EORTC, 
EuroQol, FACITtrans, GSK, ICON, IQVIA, Lion-
bridge, MD Anderson Cancer Center, Medable, Medi-
cal College of Wisconsin, Novartis, Oxford University 
Innovation, RWS, Suvoda, University of Notre Dame, 
University of North Carolina at Charlotte, VeLo Lan-
guage Services, and YPrime. No organization had more 
than 2 respondents.

Capabilities of AI
For the following analysis, all respondents were grouped 
together to generate an industry-wide snapshot of AI 
use perceptions. A more granular analysis of stake-
holder group perceptions follows in subsequent sec-
tions. Respondents were asked to assess whether AI was 
capable of effectively completing key elements of the LV 
process. Results indicated strong agreement that AI was 
partially capable of translating COAs into languages 
commonly required for clinical trials in terms of transla-
tion accuracy (41/50, 82%) and cultural appropriateness 
(33/48, 69%). For languages used more rarely in trials, 
respondent agreement was moderate; a 47% (21/45) plu-
rality believed AI to be partially capable for both language 
categories. eCOA migration and proofreading tasks were 
viewed as particularly suitable for AI, with 84% (42/50) of 
respondents indicating that AI would be partially or fully 
capable of improving these processes. Table  1 presents 
the full respondent group results.

In assessing AI’s capability of effectively managing the 
CD process (Table 2), respondents reported that AI was 
either partially or fully capable of performing administra-
tive tasks like patient recruitment and interview sched-
uling (33/47, 70%), data review, and report preparation 
(41/49, 84%). However, results indicate much lower con-
fidence in AI actually performing CD interviews with 
patients, with only 44% (22/50) of respondents endorsing 
“partially” or “fully” capable.

Free-text responses indicated a nuanced view of AI’s 
LV capabilities, noting that while AI can be “a useful and 
helpful tool” in the process, “the accuracy, cultural sen-
sitivity, and patient-centered nature required in COA 
translation and validation still heavily rely on human 
expertise and empathy.”

Respondents were asked how AI use would impact 
project costs and timelines (Table 3). Results overwhelm-
ingly indicated that AI use would reduce or significantly 
reduce timelines (86%, 38/44). There was less consensus 
regarding how AI use would affect project costs; 62% 

Table 1  Capabilities of AI for translation and eCOA migration/proofreading
Capability of AI Survey Responses
Accurately translating COAs into languages commonly required for clinical trials (e.g., French, Spanish, German, Portuguese, 
Chinese, Japanese)

Not at all capable: 8%
Partially capable: 82%
Fully capable: 6%
Not sure: 4%

Accurately translating COAs into all languages that may be required for use in clinical trials, including those used more 
rarely (e.g., Zulu, Malayalam, Tagalog)

Not at all capable: 24.5%
Partially capable: 47%
Fully capable: 4%
Not sure: 24.5%

Creating culturally appropriate translations of COAs into languages commonly required for clinical trials Not at all capable: 14.5%
Partially capable: 69%
Fully capable: 2%
Not sure: 14.5%

Creating culturally appropriate translations of COAs into all languages that may be required for use in clinical trials, includ-
ing those used more rarely

Not at all capable: 33%
Partially capable: 47%
Fully capable: 0%
Not sure: 20%

Improving the eCOA migration and proofreading process Not at all capable: 2%
Partially capable: 54%
Fully capable: 30%
Not sure: 14%

Table 2  Capabilities of AI for the cognitive debriefing process
Capability of AI Survey Responses
Improving the process of patient recruitment 
and interview scheduling for cognitive debrief-
ing interviews

Not at all capable: 8%
Partially capable: 43%
Fully capable: 28%
Not sure: 21%

Improving the process of data review and 
report preparation for cognitive debriefing 
interviews

Not at all capable: 6%
Partially capable: 53%
Fully capable: 31%
Not sure: 10%

Effectively conducting cognitive debriefing 
interviews with patients

Not at all capable: 42%
Partially capable: 42%
Fully capable: 2%
Not sure: 14%
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(26/42) thought costs would either decrease or signifi-
cantly decrease, while 24% (10/42) believed they would 
increase or significantly increase. Free-text comments 

showed a key driver of this difference was the idea that 
“it is expensive to develop, test and maintain AI systems,” 
which may offset cost reductions elsewhere.

Positive and negative evaluations of AI use
In addition to providing their assessment of AI’s capabili-
ties, respondents evaluated whether specific COA/eCOA 
process steps would be positively affected, negatively 
affected, or not affected by AI use. Table 4 shows the full 
respondent group results.

Of the 13 process steps reviewed, 11 were consid-
ered positively affected by AI by a majority or plurality 
of respondents. Only 2 process steps were judged to be 
negatively affected by AI: Project Manager review and 
evaluation of back-translations (20/47, 43% negative), 
and cognitive debriefing interviews (29/46, 63% negative).

While most process steps were judged to be positively 
aligned with AI usage, free-text comments indicated 
that these complex processes would require significant 
human intervention and guidance. A representative com-
ment indicated that “[…] AI has a place in the translation, 
linguistic validation and eCOA migration process […] I 
do not think it can totally replace humans in these steps, 
but it can be a valuable aide which should improve qual-
ity, efficiency, and hopefully timelines.” Several respon-
dents suggested that pilot projects be designed to allow 
for direct comparisons of translation accuracy and cul-
tural appropriateness.

In addition to reviewing process steps individually, 
respondents assessed whether introducing AI into the 
COA/eCOA translation, LV, and eCOA migration pro-
cesses would be a negative or positive development 
(Table  5). Most respondents viewed AI as a positive 
development, with 73% (36/49) characterizing their views 
as either “somewhat positive” or “extremely positive.”

Table 3  AI impact on costs and timelines
Impact of AI Survey Responses
On project timelines Significantly Lengthen: 2%

Lengthen: 5%
No Impact: 7%
Reduce: 72.5%
Significantly Reduce: 13.5%

On project costs Significantly Increase: 2%
Increase: 22%
No Impact: 14%
Decrease: 57%
Significantly Decrease: 5%

Table 4  Positive and negative perceptions of AI use in linguistic 
validation process steps
Process Step Survey Responses
Creation of Concept Definition / Concept 
Elaboration document

Positively affected: 68%
Negatively affected: 22%
Not affected: 10%

Dual forward translations Positively affected: 62%
Negatively affected: 33.5%
Not affected: 4.5%

Reconciliation of forward translations Positively affected: 45.5%
Negatively affected: 34%
Not affected: 20.5%

Back-translation Positively affected: 63%
Negatively affected: 28%
Not affected: 9%

Project Manager review and evaluation of 
back-translation

Positively affected: 34%
Negatively affected: 43%
Not affected: 23%

Proofreading Positively affected: 67.5%
Negatively affected: 17.5%
Not affected: 15%

Review of clinician review results Positively affected: 43%
Negatively affected: 35%
Not affected: 22%

Cognitive debriefing interviews Positively affected: 22%
Negatively affected: 63%
Not affected: 15%

Review of cognitive debriefing data Positively affected: 60%
Negatively affected: 23%
Not affected: 17%

Modification of COA translations for eCOA 
administration

Positively affected 64%
Negatively affected 16%
Not affected 20%

eCOA migration Positively affected 83%
Negatively affected 4%
Not affected 13%

eCOA proofreading Positively affected 71%
Negatively affected 18%
Not affected 11%

Creation of translation certificate Positively affected 78%
Negatively affected 4%
Not affected 18%

Table 5  Overall assessment of AI use in COA/eCOA translation, 
LV, and eCOA migration
Rating Core 

Survey
Pharma 
Sponsors

Copyright 
Holders

ISPOR 
Thought 
Leaders

Over-
all

Extremely 
Negative

4 (14%) 0 0 0 4 
(8%)

Somewhat 
Negative

1 (4%) 0 0 1 (50%) 2 
(4%)

Neither 
negative 
nor positive

5 (18%) 0 2 (14%) 0 7 
(14%)

Somewhat 
positive

14 (50%) 2 (40%) 10 (71%) 1 (50%) 27 
(55%)

Extremely 
positive

4 (14%) 3 (60%) 2 (14%) 0 9 
(18%)

(28) (5) (14) (2) (49)
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Assessment of stakeholder group views (perceived and 
actual)
Respondents were next asked whether they believed key 
stakeholder groups (copyright holders, pharmaceuti-
cal sponsors, and regulators) would find AI use accept-
able for a reduced set of 6 process steps. The reduced set 
was selected to reduce respondent burden. Use of differ-
ent survey iterations as described above permitted direct 
comparison of perceived and actual responses for the 
copyright holder and pharmaceutical sponsors groups, 
preventing the target groups from self-rating on their 
own perceived opinions.

Copyright holders
Table  6 presents the results for perceived and actual 
copyright holder responses to AI use within various 
steps of the COA/eCOA translation process. For 5 of 6 
process steps, copyright holders’ “acceptable” percentage 
was higher than the full group’s perceived “acceptable” 
percentage. While copyright holder responses showed 
greater openness to acceptability of AI use than the full 
respondent set, only 3 of 6 steps were judged “acceptable” 
for AI use by a majority of copyright holders.

Pharmaceutical sponsors
Table  7 presents the results for perceived and actual 
pharmaceutical sponsor responses. Actual responses 

Table 6  COA copyright holders, perceived vs. actual views
Process Step Perceived Copyright Holder Responses Actual Copyright Holder Responses Differential
Forward translation process Acceptable: 26.5%

Unacceptable: 26.5%
Not sure: 47%

Acceptable: 31%
Unacceptable: 23%
Not sure: 46%

Acceptable: +4.5%
Unacceptable: -3.5%
Not sure: -1%

Back-translation process Acceptable: 35%
Unacceptable: 18%
Not sure: 47%

Acceptable: 31%
Unacceptable: 23%
Not sure: 46%

Acceptable: -4%
Unacceptable: +5%
Not sure: -1%

Patient recruitment and interview sched-
uling for cognitive debriefing interviews

Acceptable: 35%
Unacceptable: 32.5%
Not sure: 32.5%

Acceptable: 62%
Unacceptable: 0%
Not sure: 38%

Acceptable: +27%
Unacceptable: 
-32.5%
Not sure: +5.5%

Conducting cognitive debriefing inter-
views with patients

Acceptable 3%
Unacceptable 65%
Not sure 32%

Acceptable 8%
Unacceptable 54%
Not sure 38%

Acceptable: + 5%
Unacceptable: - 11%
Not sure: + 6%

Data review and report preparation for 
cognitive debriefing interviews

Acceptable 38%
Unacceptable 24%
Not sure 38%

Acceptable 62%
Unacceptable 15%
Not sure 23%

Acceptable: + 24%
Unacceptable: - 9%
Not sure: - 15%

eCOA migration and proofreading Acceptable 47%
Unacceptable 15%
Not sure 38%

Acceptable 70%
Unacceptable 15%
Not sure 15%

Acceptable: + 23%
Unacceptable: -0%
Not sure: - 23%

Table 7  Pharmaceutical sponsors (COA/HEOR), perceived vs. actual views
Process Step Perceived Pharmaceutical Sponsor 

Responses
Actual Pharmaceutical Sponsor 
Responses

Differential

Forward translation process Acceptable: 51%
Unacceptable: 17%
Not sure: 32%

Acceptable: 80%
Unacceptable: 0%
Not sure: 20%

Acceptable: +29%
Unacceptable: -17%
Not sure: -12%

Back-translation process Acceptable: 62.5%
Unacceptable: 12.5%
Not sure: 25%

Acceptable: 80%
Unacceptable: 0%
Not sure: 20%

Acceptable: +17.5%
Unacceptable: 
-12.5%
Not sure: -5%

Patient recruitment and interview sched-
uling for cognitive debriefing interviews

Acceptable: 55%
Unacceptable: 18%
Not sure: 27%

Acceptable: 100%
Unacceptable: 0%
Not sure: 0%

Acceptable: +45%
Unacceptable: -18%
Not sure: -27%

Conducting cognitive debriefing inter-
views with patients

Acceptable: 32%
Unacceptable: 32%
Not sure: 36%

Acceptable: 40%
Unacceptable: 60%
Not sure: 0%

Acceptable: +8%
Unacceptable: +28%
Not sure: -36%

Data review and report preparation for 
cognitive debriefing interviews

Acceptable: 51%
Unacceptable: 15%
Not sure: 34%

Acceptable: 80%
Unacceptable: 20%
Not sure: 0%

Acceptable: +29%
Unacceptable: +5%
Not sure: -34%

eCOA migration and proofreading Acceptable: 58%
Unacceptable 10%
Not sure: 32%

Acceptable: 80%
Unacceptable: 20%
Not sure: 0%

Acceptable: +22%
Unacceptable: +10%
Not sure: -32%
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from pharmaceutical representatives were quite open 
to AI use, and pharmaceutical sponsors’ “acceptable” 
percentage was higher than the full group’s perceived 
“acceptable” percentage for all 6 process steps. Overall, 
AI involvement was deemed acceptable by 80% to 100% 
(4/5 and 5/5) of pharmaceutical respondents for 5 of 6 
steps. As with all respondent groups, AI conducting CD 
interviews was the exception, judged as acceptable by 
only 40% (2/5) of pharmaceutical representatives.

In free-text responses, non-pharmaceutical respon-
dents noted that “sponsors are generally open to any 
advancement […] as long as it is proven, in a data-driven 
way, to be reliable and valid.” However, it was also noted 
that sponsors “would expect robust human validation to 
ensure quality, as accuracy and cultural appropriateness 
are critical in patient-centered assessments.”

Pharmaceutical representatives themselves indicated 
openness to AI use in free-text comments, particularly 
“selective targeted use of AI [which] should result in over-
all improvements,” such as using AI for one of the two 
required forward translations. They cautioned, however, 
that there would be “serious concerns about handing over 
the entire process, or even chunks of the process to AI 
without human oversight,” and that they “would want to 
make sure that from a regulatory process [perspective] 
we won’t have data rejected due to AI being used.”

Regulatory representatives
While survey responses from regulatory representatives 
were not provided, all respondents were asked whether 
they thought regulatory bodies would find COA/eCOA 
deliverables involving AI use acceptable or unaccept-
able. The results (Table  8) indicate pervasive uncertainty 
regarding regulatory thinking on the topic, with a plurality 

of respondents “not sure” what regulators would consider 
acceptable for 5 of 6 process steps. The exception again was 
AI conducting CD interviews, which 57% (26/46) of respon-
dents felt would be unacceptable to regulatory bodies.

In free-text comments, views were notably mixed. Some 
respondents noted that “within regulatory bodies such as 
the FDA and EMA, AI use is [considered to be] inevita-
ble,” and that “regulatory bodies will be cautiously open to 
the use of AI,” while others suggested that regulatory bod-
ies will likely be “over-careful,” and would require “ample 
evidence to be comfortable with AI, especially where the 
intersection of AI and patient care comes into play.”

Copyright, security, and intellectual property
To assess concerns related to IP rights and inappropriate 
or illegal COA use, respondents were asked about their 
level of concern with AI usage from an IP perspective. 
When asked how concerned they would be about the 
use of AI translation processes having a negative impact 
on the protection of COA IP, 57% (27/47) selected “con-
cerned” or “extremely concerned,” while 36% (17/47) 
selected “somewhat concerned” and 6% (3/47) selected 
“not at all concerned.” When asked how concerned they 
would be about the use of AI translation processes con-
tributing to inappropriate or illegal use of COAs from a 
copyright perspective, 62% (28/45) selected “concerned” 
or “extremely concerned,” while 27% (12/45) selected 
“somewhat concerned” and 11% (5/45) selected “not at all 
concerned.” Copyright holders showed somewhat more 
concern about IP protection than the total respondent 
group, with a majority selecting “extremely concerned” 
(54%, 7/13) in response to the second question.

Subject matter expert interview results
Security and copyright issues
AI SMEs were advised of the concerns identified in the 
survey results regarding AI negatively impacting protec-
tion of COA IP and were asked to address EMA’s 2024 
guidance on the topic [5]. All interviewees agreed that 
where appropriate procedures are followed, such as using 
dedicated or proprietary AI deployments that prevent 
data from leaving the AI system and implementing data 
storage and sharing restrictions, AI use presented a low 
risk of contributing to copyright infringement. Several 
interviewees noted that the standard LV process may 
introduce more risk than AI due to the involvement of 
10+ human collaborators per language.

Linguistic validation AI process capabilities
Interview participants were asked to assess the capability 
of AI to accurately translate COAs into languages rarely 
used in clinical trials and to assess AI capabilities to cre-
ate culturally appropriate, rather than technically accu-
rate, translations for such languages. Interviewees widely 

Table 8  Regulatory bodies (e.g., FDA, EMA) perceived views
Process Step Perceived Regula-

tory Responses
Forward translation process Acceptable: 25%

Unacceptable: 30%
Not sure: 45%

Back-translation process Acceptable: 30%
Unacceptable: 25%
Not sure: 45%

Patient recruitment and interview scheduling for 
cognitive debriefing interviews

Acceptable: 32%
Unacceptable: 28%
Not sure: 40%

Conducting cognitive debriefing interviews with 
patients

Acceptable: 4%
Unacceptable: 57%
Not sure: 39%

Data review and report preparation for cognitive 
debriefing interviews

Acceptable: 30%
Unacceptable: 28%
Not sure: 42%

eCOA migration and proofreading Acceptable: 41%
Unacceptable: 15%
Not sure: 44%
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agreed that rarely used languages are more challeng-
ing for AI to translate effectively due to the lack of large 
corpora for training the systems. This training requires 
significant investment, but interviewees agreed that the 
practice is advancing and compared it to the current 
use of professional human translators in less frequently 
used languages, where identifying qualified linguists can 
sometimes be difficult.

In assessing AI capabilities associated with CD inter-
views, interview participants were more hesitant. While 
all agreed that AI’s capability to perform interviews exists 
and may eventually match trained human interviewers, 
participants noted that in interview settings “the human 
aspect plays a role” and that interviewer empathy and 
interpersonal dynamics are important to ensure success-
ful interviews. Participants provided many potential AI 
use cases beyond conducting interviews, including tran-
script creation, data population and evaluation, identi-
fication of patterns within and across interviews, and 
suggesting probing questions.

Discussion
When assessing the potential use of AI tools within the 
LV process, it is important to consider not only the tech-
nology’s capabilities, but the degree to which AI use may 
or may not align with the spirit and intent of existing LV 
guidelines. The 2005 Principles of Good Practice noted 
the need for a robust methodology “given the risks that 
poor translation methods can present to research data.” 
The authors further described their goals of “ensuring 
that the translation is comprehensible to the general or 
patient population,” “ensuring conceptual equivalence 
between the source and target language versions and 
between all translations,” and avoiding creation of “a 
translation that does not respect the normal speech pat-
terns and colloquialisms of the target culture” [3].

These survey results clearly demonstrate respondents’ 
concerns about poor alignment between AI and the 
intent of the current guidelines, and about the prospect 
of eliminating or significantly reducing human involve-
ment in a process that has patients at its center. The 
results indicate that AI is perceived by the respondent 
group to be potentially useful within many elements of 
the COA LV process, but not fully capable of complet-
ing tasks adequately without human involvement. Results 
also indicate that key stakeholder groups like copyright 
holders and pharmaceutical sponsors are consistently 
more likely to consider AI use acceptable than the total 
respondent set believed them to be.

After reviewing the survey and interview results, as well 
as literature and presentations detailing successful case 
studies, it is the opinion of the AI Working Group that AI 
use to enhance and facilitate LV process steps does not 
conflict with the aims or outcomes of existing guidelines 

if managed responsibly. With humans remaining in the 
loop at each step, AI can be used to make existing pro-
cesses more accurate, powerful, and efficient, particu-
larly for languages commonly used in clinical trials. All 
the same, the appropriateness of AI use for any particular 
step should be carefully considered and contextualized 
within overall project methodology and constrained by 
the complexity of that step. That is, AI use may be more 
appropriate in multi-step methodologies already featur-
ing multiple points of human quality review, and more 
appropriately deployed for lower complexity (e.g., eCOA 
migration) vs. higher complexity (e.g., cognitive debrief-
ing) steps. The recommendations developed through this 
work are, in part, intended as a necessary and facilitat-
ing precursor to appropriate targeting of LV process steps 
for testing with AI. They provide data-based constraints 
for subsequent experimental work by other researchers, 
helping ensure that future approaches to integrating AI 
are both aligned with the established objectives of LV and 
likely to succeed.

In some ways, the iterative process utilized by AI sys-
tems is similar to the complex, iterative process of LV. 
AI use involves multiple layered and precisely targeted 
interactions intended to achieve specific outputs (e.g., 
one prompted interaction creating the initial translation, 
another assessing cultural nuances, another comparing 
translations to one another). This approach aligns well 
with the spirit and function of the existing LV process, 
which iteratively guides the translation through multiple 
inputs and quality assessments to ensure the collection of 
high-quality data.

Table  9 contains recommendations for potential AI 
involvement in the LV process derived from the results 
of literature review, survey responses, expert interviews, 
and AI Working Group discussion. Synthesizing these 
data sources, the working group found them to be largely 
aligned, with the literature review demonstrating effec-
tive AI pilot projects while the survey and interviews pro-
vided generally positive capability assessments. In cases 
where data sources were in conflict regarding particular 
process recommendations (e.g., “Review and evaluation 
of back-translation against the source COA” had posi-
tive results in the literature, but a negative survey result), 
the AI Working Group assessed the results holistically to 
produce suitable recommendations. Figure 2 presents an 
updated linguistic validation process map, modified by 
the inclusion of colors corresponding to our recommen-
dations for each process step.

Security and copyright recommendations
COAs frequently contain copyrighted IP. Survey results, 
particularly copyright holder responses, identified that 
AI usage could trigger concerns about maintenance of IP 
rights and inappropriate or illegal use of these measures. 
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Table  10 presents best practice recommendations for 
protection of COA data while using AI.

Limitations
While this paper gathered data and made recommenda-
tions based on literature review, custom surveys distrib-
uted to industry COA experts, and in-depth interviews 
with AI experts, the AI Working Group did not directly 

test the use of AI on LV process steps. We encourage 
industry stakeholders to build on our recommendations 
through responsible tests of AI implementation and 
continue growing the literature on this important topic. 
Although beyond the scope of this study, subsequent 
research could adopt an evaluation framework that inte-
grates translation metrics like the ones cited in the litera-
ture review with human judgment.

Table 9  Recommendations for potential AI involvement in the linguistic validation process. Process steps are presented in 
chronological order
Process Step Recommendation for 

AI Involvement
Comments Origin of Recommendation

Creation of Concept 
Definition Guide

Use is highly recom-
mended, under 
human oversight

While human review and confirmation is required, AI can be of 
use in generating draft item concept definitions and storing 
relevant elements for re-use.

Literature Review, Survey 
Results (68% positive), AI 
Working Group Discussion

Dual forward translation Use is recommended, 
under human 
oversight

One human-generated translation and one AI/MT translation, 
rather than two human-generated translations.

Literature Review, Survey 
Results (62% positive), Expert 
Interviews, AI Working Group 
Discussion

Reconciliation of dual 
forward translations

Use is not 
recommended

This process likely needs to remain with humans in order to 
achieve the goals of current guidelines.

Survey results (45.5% positive), 
AI Working Group Discussion

Back-translation (single 
or dual)

Use is recommended, 
under human 
oversight

One human-generated back-translation and one AI/MT back-
translation may bring added insight and accuracy to the process.

Literature Review, Survey 
Results (63% positive), AI 
Working Group Discussion

Review and evaluation 
of back-translation 
against the source COA

Limited use is recom-
mended, under 
human oversight

Despite low survey scores, results of the literature review indicate 
that AI can contribute to the comparative review between source 
and back-translations at a high level [11].

Literature Review, Survey 
Results (34% positive), AI 
Working Group Discussion

Clinician review Use is not 
recommended

This process likely needs to remain with humans in order to 
achieve the goals of current guidelines.

AI Working Group Discussion

Review of clinician 
review results

Use is not 
recommended

This process likely needs to remain with humans in order to 
achieve the goals of current guidelines.

Survey Results (43.5% 
positive), AI Working Group 
Discussion

Patient recruitment and 
interview scheduling 
for cognitive debriefing 
interviews

Highly recommended, 
under human 
oversight

This is an administrative task well suited to AI completion. Patient 
privacy issues should be taken into careful consideration, as well 
as ensuring that the respondent sample is suitably diverse from a 
sociodemographic perspective.

Survey Results (60% positive), 
Expert Interviews, AI Working 
Group Discussion

Conducting cognitive 
debriefing interviews 
with patients

Use is not 
recommended

While AI may be useful in generating interview guides, probes, 
etc., the interview process likely needs to remain with humans 
in order to achieve the goals of current guidelines. Significant 
concerns about effectiveness and patient perception were raised, 
which may improve in the future but are not recommended at 
present.

Survey Results (22% positive), 
Expert Interviewers, AI Work-
ing Group Discussion

Data review and 
report preparation for 
cognitive debriefing 
interviews

Highly recommended, 
under human 
oversight

AI can be very useful in preparing and analyzing data; human 
review of this output is still required. Patient privacy issues should 
be taken into careful consideration.

Survey Results (60% positive), 
Expert Interviewers, AI Work-
ing Group Discussion

Modification of COA 
translations for electron-
ic (eCOA) administration

Highly recommended, 
under human 
oversight

AI can analyze source COA and eCOA files to identify modifica-
tions and assist in making relevant eCOA updates to existing COA 
translations.

Survey Results (64% positive), 
AI Working Group Discussion

Migration of translated 
COA text into eCOA 
technical files

Highly recommended, 
under human 
oversight

This highly technical task is an excellent match for AI capabilities. Survey Results (83% positive), 
AI Working Group Discussion

Proofreading of eCOA 
screen reports

Highly recommended, 
under human 
oversight

Proofreading can likely be largely automated using AI. Human 
oversight should remain.

Survey Results (71% positive), 
AI Working Group Discussion

Creation of translation 
certificate

Highly recommended, 
under human 
oversight

This is an administrative task well suited to AI completion. Process 
steps listed in translation certificates should note if AI was used to 
perform the listed step.

Survey Results (78% positive), 
AI Working Group Discussion
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Conclusion
While it is clear that, as noted by FDA, “AI technologies 
have the potential to transform healthcare by deriving new 
and important insights from the vast amount of data gen-
erated during the delivery of healthcare every day” [16], 
there is lack of consensus around AI use in the context of 
COA translations specifically. The AI Working Group of 
the ISOQOL TCA-SIG sought to make recommendations 
to fill this gap via literature review, survey research, expert 
interviews and group discussion. Much like the original LV 
guidelines, these recommendations do not prescribe a set 
of rigid procedures, but rather set out principles of good 
practice. AI is rapidly evolving, and capabilities which 
may not currently be reliable could very well become so 
in the coming years. As a result, these recommendations 
are meant to serve as a foundation and set of guidelines 
encouraging responsible AI use within the linguistic vali-
dation process, while ensuring that human interaction and 
review remain present for all steps.

Table 10  SME recommendations and rationales for ensuring 
secure AI systems
SME Recommendation Rationale
Use only dedicated or 
proprietary deployments 
of AI

Use of dedicated cloud-hosted or propri-
etary on-premises AI deployments ensures 
that data does not flow out of the AI system. 
Open generative AI chatbots (e.g., ChatGPT) 
do not fit this description. Commercially 
available LLMs from reputable providers 
(e.g., Microsoft, Amazon, etc.) are acceptable 
from a security standpoint if a copy of the 
LLM is hosted within a secure environment.

Controlled storage or no 
storage of data

If input data are either securely controlled in 
an effectively encrypted memory or purged 
from the system after the AI interaction has 
ended, the risk of data leakage is signifi-
cantly reduced.

No sharing of data with 
third parties

Data flow should be fully controlled while 
data are in use, and data should not leave 
the dedicated AI deployment.

Fig. 2  Modified LV process Map with AI Use Recommendations Represented by Color. Dotted lines indicate processes that may be optional for some 
projects. *AI use is only recommended for one of the two translations in the Dual Forward Translation step. **LV best practice guidelines recommend at 
least one back-translation. Some LV providers or methodologies may include two back-translations in this step
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Appendix
Appendix A: Descriptions of linguistic validation process steps.

Creation of Concept Definition Guide A document providing critical conceptual information about the COA and its wording, and 
possible translation issues, for use by all stakeholders and participants in the LV process. Can 
convey notes from the instrument developer or copyright holder, as well.

Dual Forward Translation Two linguists independently generate translations of a COA in the target language.

Reconciliation The translations from the previous step are reviewed and merged into a single translation, with 
linguists selecting the most appropriate components of each independent forward translation.

Back-translation A blinded conversion of the translation back into the source language by an independent lin-
guist. LV best practice guidelines recommend at least one back-translation. Some LV providers 
or methodologies may include two back-translations in this step.

PM Review of Back-translation(s) Comparison of the back-translation to the source text to ensure that source concepts are accu-
rately translated and conveyed. If translation or conceptual issues are identified, the translation 
is updated accordingly.

Clinician Review A clinician in an appropriate area of patient care for the COA reviews the translation for con-
ceptual or translation problems. This step occurs only in some LV methodologies or for certain 
types of COAs.

Review of Clinician Review Results The clinician review is analyzed by a project manager (PM) or other expert reviewer, and trans-
lation updates are made as needed based on the findings. This step occurs only when Clinician 
review has been performed.

Patient Recruitment and Interview Scheduling Identification of a suitable sample of patients for cognitive debriefing, contacting of patients 
and scheduling of in-person or remote interviews.

Cognitive Debriefing Interviews A trained interviewer conducts cognitive debriefing interviews with the recruited sample of 
patients to assess comprehension and cultural relevance of the COA translations.

Data Review and Report Creation Cognitive debriefing feedback from the patient sample and interviewer is reviewed by a PM 
or other expert reviewer. If translation or conceptual issues are identified, the translation is up-
dated accordingly. Re-testing of updated translations with the same or another patient sample 
is performed as needed.

Translation Modification for eCOA Administration The wording of a translation is updated to be as appropriate as possible for electronic 
administration.

Migration of eCOA Text into eCOA Technical Files The draft eCOA text is moved into eCOA technical files, which prepares it for correct imple-
mentation and display in an electronic format.

Proofreading of eCOA Screen Reports Screen reports with the translation displayed as it would be in electronic format are gener-
ated and reviewed for accuracy and adherence to eCOA best-practices by appropriate expert 
reviewers.

Creation of Translation Certificate A translation certificate detailing process steps and deliverables is created.
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