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Abstract

Background: Internet-based cognitive behavioral therapy (iCBT) is an effective and scalable aternative to face-to-face
psychotherapy, but its reach is constrained by the time therapists spend reviewing patient input and manually drafting written
responses. Studies suggest that large language models (LLMs) may be capable of generating high-quality therapeutic text, with
the potential to support therapistsin delivering treatment. Their suitability as therapist-support toolsin structured iCBT, however,
remains insufficiently studied.

Objective: This study aims to assess the quality of LLM-generated iCBT responses to patient messages by comparing them to
the quality of responses produced by humans.

Methods: Inapreregistered blinded clinician rating experiment, experienced clinicians assessed the quality of human-produced
vs LLM-generated therapist responses within a simulated iCBT treatment for functional somatic disorder. Raters were exposed
to astimulusmaterial consisting of 5 fictitious patient messages, each paired with 1 human and 1 LL M-generated response. Raters
assessed message/response pairs on 5 quality dimensions (overall quality, helpfulness, empathy, professionalism, and protocol
adherence) and were asked to indicate the source of the response (human/LLM). Analyseswere primarily descriptive, supplemented
by exploratory statistical tests and descriptive thematic content analysis of open-ended text fields. The full preregistered study
protocol is available at Open Science Framework.

Results: A tota of 61 raters provided data, while 54 were eligible and included for analysis. Human- and LLM-generated
responses were rated similarly across quality dimensions on a 1-5 scale: overall quality (LLM: mean 4.00, SD 0.54 vs human;
mean 3.96, SD 0.53; d=0.06), helpfulness (LLM: mean 3.85, SD 0.57 vs human: mean 3.93, SD 0.49; d=0.13), professionalism
(LLM: mean 4.25, SD 0.53 vs human; mean 4.11, SD 0.53; d=0.24), protocol adherence (LLM: mean 4.13, SD 0.52 vs human:
mean 4.13, SD 0.54; d=0.03) and empathy (LLM: mean 4.31, SD 0.47 vs human: mean 4.08, SD 0.50; d=0.42). Raters correctly
identified the source of human-generated responses (mean 79%, SD 19.65%) more accurately than LLM-generated responses
(mean 63%, SD 21.30%). In all, 30/54 (55%) raters responded to one or more open text fields. Qualitative analysisindicated that
LLM-generated responses were perceived as polished but also generic and at times excessively empathetic.

Conclusions: LLM-generated responses were judged to be of comparable quality to those written by human therapists, though
qualitative feedback indicated they were at times generic and insufficiently challenging. These findings provide initial support
for the feasibility of using LLMs as therapist-support toolsin iCBT, but further research is needed to determine whether their
integration yields tangible clinical and organizational benefits.

https://mental.jmir.org/2026/1/e96835 JMIR Ment Health 2026 | vol. 13| €96835 | p. 1
(page number not for citation purposes)


mailto:THLAMM@rm.dk
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MENTAL HEALTH

(JMIR Ment Health 2026;13:€96835) doi: 10.2196/96835

Lammet d

KEYWORDS

artificial intelligence; digital mental health; eHealth; functional somatic disorder; generative Al; human-Al comparison; iCBT;
internet-based cognitive behavioral therapy; large language models; psychotherapy; telemedicine; text-based therapy

Introduction

Mental health conditionsrepresent aglobally rising public health
challenge [1]. Developing scalable and effective interventions
to address central barriers to treatment within mental health
service delivery remains paramount [ 1-3]. The 21st century has
seen a gradually accelerating rate of digital innovation within
mental health care delivery [2]. Among these, internet-based
cognitive behavioral therapy (iCBT) has emerged as a new
therapeutic modality. Here, patients access information and
therapeutic exercises relevant to their mental health condition
online while a therapist supports them via telephone or video
consultations and text messages [4]. iCBT has been shown to
be a more accessible trestment alternative to face-to-face
treatment [5], resulting in large-scaleimplementationsin several
countries [6].

The emergence of large language models (LLMs) has opened
apotentially new chapter inthe delivery of digital mental health
services where every individual could have 24/7 accessto their
own personalized digital therapist at a fraction of the cost of
face-to-face psychotherapy [ 7-11]. Several experimenta studies
comparing human and LLM-generated responses in text-based
counseling and advisory contexts find that LLM responses are
rated as comparable to human responses on overall quality and
helpfulness, and are in certain cases rated better than human
responses [12-15]. LLMs especiadly tend to generate text
responsesthat convey more empathy or compassion than human
responses[14,16,17]. Certain studies further indicate that raters
struggleto reliably distinguish LLM-generated responses from
human-written ones[12,16].

Evidence from clinical testing of the therapeutic capacities of
LLMs, however, remainslimited [18]. The application of LLMs
in mental health contexts further raises substantial safety
concerns [10,19,20]. Individuals seeking help may be in a
vulnerable state and thus particularly sensitive to suggestions
from therapists. Yet, LLMs are inherently probabilistic and are
known to hallucinate and have sycophantic tendencies,
potentially reinforcing users beliefs and preferences [21].
Consequently, LLMs may at times generate inappropriate
responses, reinforce avoidance behavior, validate psychotic
beliefs, or encourage suicidal ideation [22]. In addition, LLMs
may reproduce biases present in training data, perpetuating
stigma and disparities in mental health care [10]. These risks
raise important ethical and legal concerns and complicate the
implementation of direct patient-LLM interaction in clinical
settings. In a European context, for example, LLM-based health
interventions are classified as high-risk applications under the
European Union Artificia Intelligence Act, thereby requiring
human oversight [23].

Tofacilitateintegration of LLMsinto clinical contexts, agradual
stepwise implementation strategy has been suggested
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[7,8,11,24]. LLMs may initially be deployed for narrowly
defined taskswithin highly controlled settings supporting human
therapists. This would allow for the gradual accumulation of
systematic evidence on the effectiveness and risk profile of
LLM technologies, enabling responsible implementation and
scaling while minimizing undue risks to patients.

iCBT as atreatment format is particularly well suited for the
implementation of LLM technologies. The therapist workflow
in iCBT is almost entirely digital, and manually drafting text
responsesto patients represents amajor portion of the workload
[4,25]. Given previous studiesindicating that LLMsare capable
of generating empathic and helpful responses within a
therapeutic context, LLMs may be able to assist therapists by
generating responses that human therapists could then review
and edit before sending [26,27]. This could drastically reduce
clinicians time per patient, thus enabling a reallocation of
resources to patients that may need more intense assistance. It
could also alow the provision of much closer support,
potentialy facilitating stronger patient engagement in iCBT
without having to devote additional therapeutic resources
[28,29]. LLMs could also help improve the quality of iCBT
responses by hel ping therapists consider alternativeintervention
strategies or by providing suggestions for how therapists can
convey more empathy for patients [30,31]. Framed in thisway,
the value of LLM-based therapist support does not lie in
automating care, but in enhancing and extending professional
capacity.

Readlizing this potential would, however, require severa
conditions to be met: LLM-generated responses must be
clinically useful and comparable in quality to those written by
human therapists, and the technology must provide tangible
workflow benefits such as reducing the time required to draft
responses or improving clinical outcomes. Further, it must be
perceived as useful, relevant, and acceptable by both therapists
and patients.

Existing work has primarily focused on whether LLMs can
generate clinically meaningful responses. However, these studies
have largely been conducted in generic or simulated settings,
including responsesto general life problems[14,17,32], mental
health-related questions in advice-column formats [12,16], or
textbook examples of therapeutic interactions[13]. In addition,
several studiesrely on convenience-sampled ratersfrom online
platforms (eg, Prolific) to evaluate response quality rather than
clinically trained mental health professionals. Thus, while prior
work has examined the extent to which LLMs can provide
relevant therapeutic support, their application within aclinical
iCBT context has not yet been investigated.

Theaim of this study isto assessthe quality of LLM-generated
responsesto patient messagesin aniCBT context by comparing
them to the quality of human-produced responses.
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To explore the research question, we formed the following
exploratory preregistered hypotheses based on the existing
literature.

« HI1:LLM-generated responseswill berated higher in overall
quality than human-generated responses.

« H2: LLM-generated responses will be rated as more
empathetic than human-generated responses.

- H3: Raterswill not have an above chance ability to correctly
identify if aresponse was generated by ahuman or an LLM.

Methods

Study Design

To examinewhether LLMs can be meaningfully integrated into
iCBT workflows for drafting therapist responses to patient
messages, a blinded clinician rating experiment was conducted
[24]. The experiment consisted of recruiting experienced
cliniciansto rate pairs of fictitious patient messages and therapist
responses on selected quality dimensions. Each
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message/response pair was designed to emulate treatment
interactionswithiniCBT for functional somatic disorder (FSD),
a condition characterized by persistent and impairing somatic
symptoms that are not better explained by other psychiatric or
somatic diagnoses [33]. One half of the responses were
generated by arelevantly prompted LLM and the other half of
the responses were written by an experienced human therapist
(further detailed in the “Materials’ section). Raters were blind
to who formulated the responses (human/LLM), alowing for
comparison between the LLM and human therapist responses.
For anillustration of the design, see Figure 1.

The study was preregistered on May 20, 2025, at Open Science
Framework (OSF) [34], where the full study protocol is
accessible. Minor adjustmentsto the preregistration were made
regarding (1) the number of patient-therapist correspondences
included in the experiment and (2) the wording of one question
relating to protocol adherence. The recruitment window was
also postponed. All changes were made prior to data collection
and are documented in the OSF preregistration.

Figure 1. Graphicillustration of research design, including the generation of the stimulus material. LLM: large language model.

_________________

Fictitious patient
messaages

(n=3) (n=5)

Included Raters

To ensure sufficient competence and professional diversity
among theincluded raters, thefollowing eligibility criteriawere
used: (1) raters must have experience working clinically with
patients with FSD or experience in delivering iCBT, and (2)
ratersmust beaclinically active psychologist or medical doctor.
The only exclusion criterion was that members of the author
group were exempt from participating as raters.

Given the limited size of the target population, it was assumed
that achieving a sample large enough for inferential statistical
testing would not be feasible. Instead, a time-bounded
convenience sampling strategy was used, recruiting as many
eligible raters as possible within a predefined recruitment
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window (September 25, 2025, to November 25, 2025). After
this period ended, no additional raters were enrolled, and the
analyses were conducted on al eligible data collected.

Recruitment was primarily network-based, targeting university
and hospital settingsknown to employ clinicians and researchers

with experience in either FSD or iCBT. Raters were recruited
internationally, with a primary focus on European countries.

Materials

Overview

A central feature of the experiment was the stimulus material
that the raters were exposed to and rated. The stimulus material
consisted of 5 fictitious patient messages, each with an
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LLM-generated response and a human-generated response (for
an example, see Figure 2). The method used to generate each
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component of the stimulus material is described below.

Figure 2. Example of fictitious patient message with a corresponding large language model (LLM)—and human-generated therapist response.

Dear Jacob

Fictitious patient message .

| have now had a talk with my superior about having more downtime, and he seemed fine

with me taking more breaks. So | will try that.

| am, however, really stressed about going to a wedding this Sunday. | already feel that it
is going to be a real shitshow. | am already wasted after my work week and just know that
the next week will be even worse when | don't get a chance to recover at the weekend.

Im considering to just pull out in order to be able to focus on one thing at the time. This
will however mean another fight with Mathilde who hates that we again and again have to
disappoint due to my tiredness. Maybe | should just go and then try to take some breaks

while we are there.

Best regards
Gustav

@ /

LLM-generated response

Dear Gustav,

Thank you for sharing your concerns about the upcoming
wedding and how it's affecting your stress levels. It's
completely understandable that you're feeling
overwhelmed, especially after a long work week.

Firstly, congratulations on taking the step to talk to your
superior about needing more downtime. That takes a lot of
courage, and it's great that they're open to accommodating
your needs.

Regarding the wedding, | can see why you're feeling anxious
about it. It's natural to feel like you're already running on
empty, and the thought of a big social event can be daunting.
Your instinct to prioritize your well-being and consider
pulling out is valid. However, | also understand your
concerns about disappointing Mathilde and the potential
conflict that might arise.

Rather than making a hasty decision, let's break it down
together. What are your biggest concerns about attending
the wedding? Is it the social aspect, the noise, the crowds,
or something else? Are there any specific aspects of the
event that you're dreading?

Also, what do you think would happen if you did take breaks
during the wedding? Would that help you feel more
manageable, or would you still feel like you're stuck in a
situation that's draining your energy?

Lastly, have you considered talking to Mathilde about your
concerns and seeing if you can find a compromise together?
Perhaps there's a way to attend the wedding that works for
both of you, or maybe there's an alternative solution that you
haven't thought of yet.

Remember, your well-being is important, and it's okay to
prioritize it. Let's explore some options together and see
what might work best for you.

Best regards,
Jacob

As LLMs exhibit constrained problem-solving capabilities in
low-resource languages (eg, Danish) [35-37], the experiment
was conducted in English. The researchers and clinicians who
wereavailablefor generating therapist responses were, however,
all Danish and only had clinical experience working with Danish
patients. As such, the fictitious patient messages and the
human-generated responseswereal initially generated in Danish

https://mental .jmir.org/2026/1/e96835
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Human-generated response

It sounds really good that you've talked to your boss about
taking more breaks and that you are going to tryto use
this. It's an important step towards changing the way you
are at work so you don't overexert yourself.

Dear Gustav,

| can see that you are ambivalent about going to the
wedding. But just as you want to try to take more breaks at
work, | think it would be sensible to try to use the same
healthy strategy in your social life, which you also
mentioned in your message. Perhaps it could be an idea to
think that every hour you leave the room for 10 minutes
and offer yourself some peace of mind and a different
position for your body. In the same way, you could perhaps
challenge how you are in the context of the party by
warning in advance that you will probably leave a little
early due to your functional disorder. In this way you avoid
missing a festive event, while at the same time adapting
what the day requires of you so that you can be there in a
good way. The way you take breaks will probably need to
be "hacked" to your needs and what can be done. Perhaps
you could also talk to Matilde about trying something new
and whether she would like to help you and support you in
that?

Best
Jacob

and then trandlated into English before the messages and
responses were included in the final stimulus material.

Trandlation was conducted by a qualified translator,
double-checked with the authors of the messages, and checked
by anative English speaker. During translation, the peculiarities
(eg, errors, idioms, and idiosyncrasies) of the original text were
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retained as much as possible. A graphical illustration of the
tranglation process can be found in Section 1 in Multimedia
Appendix 1.

Initially, the stimulus material consisted of 10 unique fictitious
patient messages, each paired with 10 L L M-generated responses
and 10 human-generated responses, totaling 20
message/response pairs. Pilot testing indicated that thisresulted
in an excessively time-consuming survey. Therefore, 5fictitious
patient messages were randomly selected, each paired with 1
human-generated and 1 LL M-generated response. Thisresulted
inafinal stimulus set of 10 message/response pairs, all available
in Section 2 in Multimedia Appendix 1.

Fictitious Patient Messages

Thefictitious patient messages were written by 3 of the authors
(TTL, LF, and HFP), who were all experienced with both
face-to-face cognitive behavioral therapy and iCBT for FSD.
The messages were designed to resembl e the type of messages
encountered within an ongoing randomized controlled trial
(RCT), testing the iCBT treatment “One Step at a Time” for
FSD [38]. First, authors constructed 5 fictitious patient profiles
detailing central demographic and FSD characteristics. They
then wrote 5 fictitious messages based on these profiles.
Messages were written as authentically as possible, leaving in
typing errors, abbreviations, idioms, and idiosyncratic language,
and were aigned with the treatment principles of “One Step at
aTime” Messages had to be between 400 and 800 characters
to ensure they aigned with the average length of patient
messages observed in the RCT and were not excessively long
[38].

Human Therapist—Generated Responses

To generate human therapist responses, 4 clinical psychologists
at the Department of Functional Disorders, Aarhus University
Hospital, all with experience asiCBT therapists in “One Step
at aTime” [38], wereinvited to individually write responsesto
the fictitious patient messages. The group comprised 2 senior
therapists, who were authorized clinical psychologists in
Denmark with several years of experience treating FSD, and 2
junior therapists, who had treated patients with FSD within
“One Step at a Time” but had less experience in other
therapeutic contexts and were not yet authorized. Across the
group, therapists had a median of 12 (range 4-13) years of
clinical experience. The 10 messageswere randomly distributed
among the 4 therapists, with 2 therapists writing 3 responses
each and 2 writing 2 each. Each therapist was provided with a
brief instruction and an abbreviated overview of the treatment
content of “One Step at a Time,” identical to the material used
to prompt the LLM. They were instructed to write responses of
about 800-1200 characters, emulating the average length of
therapist responses in the RCT, and were allowed a maximum
of 30 minutes per message, emulating the time pressure that
characterizes routine clinical iCBT. In practice, the therapists
used a median of 18 (range 15-25) minutes per message and
produced responses with a median length of 1587 (range
1153-1968) characters.

https://mental .jmir.org/2026/1/e96835
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LLM-Generated Responses

To emulate rea-world clinical contexts, where iCBT
communication is to be considered and treated as highly
sensitive health data, al LLM responses in this study were
generated using alocally hosted open-weight model providing
full privacy and control over data flows. To do this, the LIama
3.1 70B model, quantized to 4-bit precision (1Q4 XS, GGUF
format), was used viathellama.cpp inference engine. Inference
was performed on 2 NVIDIA RTX 4090 GPUs
(temperature=0.8; top_k=40; top_p=0.95; min_p=0.05).

A prompting template (available in Section 3 in Multimedia
Appendix 1), developed by the authors, was used to generate
LLM responses. The template consisted of 4 components: (1)
the study context and instructions for the LLM, (2) an
abbreviated version of the“One Step at aTime” iCBT protocol
(abbreviated because the full version exceeded the LLM'’s
context window), (3) basic patient demographic information,
and (4) the patient’smessage. The abbreviation of the treatment
protocol was produced iteratively and reviewed by the authors
who developed the “One Step at a Time” program to ensure
that al central concepts and exercises were retained in brief
form. The instructions invited the model to take on the role of
the therapist, respond in a professional, empathic, and helpful
way, base the response on the inserted treatment content, and
write between 800 and 1200 characters. No example responses
were included, and no fine-tuning or retrieval-augmented
generation was used. The same template was used for all
messages, with only the patient information and message
varying. The template was refined iteratively against pilot
outputs, with the author group adjusting successive drafts until
responses were judged contextually appropriate, before being
finalized for generation. For each response, the prompting
template and the fictitious patient message were entered into
themodel. Thefirst LLM output generated was used, regardless
of content or quality. The median length of LLM-generated
responses was 1674 (range 1410-1756) characters.

M easures

The quality of iCBT responses was rated on a set of 5 quality
dimensions. Thesewereinformed by theitemsused in previous
studies [12,13,17] and frameworks for assessing treatment
fidelity and good clinical practice in iCBT [38,39] (for items,
see Section 4 in Multimedia Appendix 1).

Quality dimensionsincluded quality (“How would you estimate
the overall quality of the response?’; 1: very low to 5: very
high), helpfulness (“How helpful would you rate the response
to be for the patient?’; 1: definitely not helpful to 5: definitely
helpful), empathy (“The response is empathetic” 1: strongly
disagree to 5: strongly agree), professionalism (“ The response
is professional”; 1: strongly disagree to 5: strongly agree) and
protocol adherence (“ Theinformation provided by the therapist
aligns with the treatment protocol”; 1: strongly disagree to 5:
strongly agree). These 5 dimensions were all assessed with 1
item, scored on a5-point rating scale. In addition, a sixth binary
item asked raters to guess the response source (“Who would
you guess wrote the response?’; human therapist/Al). An
open-ended text field was presented for each message/response
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pair, where raters could provide context for their response on
theitems.

An attention item was placed in every fourth message/response
pair (eg, “To ensure you are paying attention, please select
‘Neither or’ for thisitem”). To support clinicians in assessing
protocol adherence, a drop-down field could be opened
displaying a brief description of the “One Step at a Time’
treatment concept.

The initial descriptive information included the following
variables: name, nationality, affiliation, professional background,
status as clinically active (ordinal), experience as a
psychotherapist (binary), experience treating FSD (binary),
experienceasan iCBT therapist (ordinal), total yearsof clinical
experience (scale), self-rated qualifications as a rater (5-point
rating scale).

Procedure

The messages and responses were compiled into adigital survey
on Aarhus University’s version of REDCap (version 15.5.36;
Vanderbilt University) [40]. The survey presented 1
message/response pair per page, followed by the rating items
in a single randomly generated order that was held constant
across all participants. Preceding the message/response pairs,
abrief introduction to the experiment was provided.

Once data collection started, a list of possibly eligible
institutions and raters was compiled among the authors based
on their network and knowledge of the field. The main author
(TTL) reached out to everyone on the list with a standardized
email, requesting eligible recipients to participate in the study
and to share the invitation within their network. Further, an
advertisement for the study was posted on the social mediasite
Linkedin.

To enter the study, raters followed an open link to the REDCap
survey. Here, raters were informed about the experiment and
its legal basis, provided consent, and answered the descriptive
information questions. After this, all message/response pairs
were displayed one by one in a randomized order, with
instructions to rate the therapist response on the standardized
quality criteria.

Analysis

Quantitative Analysis

Given the presumed limited size of the population that was
sampled from, apreregistered exploratory analysis strategy was
used, focusing on interpreting mean differencesand Cl between
LLM- and human-generated responses for each quality
dimension.

For each quality dimension, an individual mean score was
calculated per rater by averaging their ratings across the 5
LLM-generated and 5 human-generated responses, respectively.
Thisyielded 2 individual means per rater per dimension: 1 for
LLM-generated and 1 for human-generated responses. These
individual meanswere then averaged acrossall ratersto produce
grand means for each quality dimension separately for LLM-
and human-generated responses. The grand meansand their Cls

https://mental .jmir.org/2026/1/e96835
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were compared to assessoverall differencesbetween LLM- and
human-generated responses.

For theitem regarding the ability of ratersto identify the source
of each response (human/Al), amean correct classification rate
was cal culated for each individual across all messages/response
pairs. This was furthermore combined into a grand mean
representing the overall correct classification rate for human
and LLM-generated responses, respectively.

For al items, exploratory dependent t tests were conducted
comparing grand means. These were, however, interpreted
cautiously given the analytical strategy’s focus on descriptive
analysis and omission of apriori statistical power calculations.

Subgroup analyses were conducted examining whether the
differencein grand means were affected by rater characteristics
(Currently clinically active [yes/no]; Clinical experience with
FSD [yes/no]; Clinical experience with iCBT [with FSD/with
other conditions/no]; Profession [medical doctor/psychologist];
self-assessed rating qualifications [qualified/not-qualified];
seniority [junior/senior]; experience as a therapist [yes/no]).
For binary variables, this was done by calculating individual
means for each level of the subgroup variables. Nonbinary
variableswere dichotomized: self-assessed rating qualifications
were dichotomized by splitting the 5-point rating scale into
qualified (“qualified/ivery qualified’) and nonqualified
individuals (“definitely not qualified/not qualified/somewhat
qualified”). Clinical experience was dichotomized by splitting
experienced (10 or more years of self-reported clinical
experience) from inexperienced (less than 10 years).

Raters who did not adhere to the dligibility criteria were
excluded. To be eligible for analysis, each rater was required
to have rated 3 or more message/response pairs for both LLM
and human-generated responses. The 4 clinicians who had
authored the human-generated responses all participated in the
study. The quality rating of their own responses and the
corresponding LLM-generated response were excluded to
circumvent self-rating bias. Raters who failed any attention
checks were excluded from analysis to avoid inattentive
responding compromising data quality.

Analysis of Open-Ended Text Responses

To provide further context for the interpretation of the
guantitative data, open-ended text responses were analyzed
using descriptive thematic content analysis [41]. Analysis
involved iterative cycles of familiarization, coding, generation
of themes, reviewing themes, elaborating themes, and reporting
findings.

For coding, the free QDAcity (version 1.4.4 software [42]) was
used. In asingle shared document with a shared pool of codes,
each message/response pair was set up with all associated
open-ended text responses below. Two researchers (TTL and
ORC) independently coded the materidl. In the initial phase,
each researcher coded half of the correspondence primavista.
In a subsequent phase, the researchers switched over to review
each other’scoding. In thethird phase, each coder reviewed the
entire dataset, iteratively revising the codes until a sufficiently
comprehensive coding structure was attained. All open-ended
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text responses were analyzed in the language they were written
in.

Both coding researchers were naive to the dataset but had deep
knowledge of the study and surrounding scientific field.
Qualitative analysis was characterized by ongoing reflexive
processes with iterative discussions on positionality, prior
knowledge, and assumptions[43]. TTL hasabackground within
research and clinical psychology with expertise in the clinical
treatment of FSD and iCBT. ORC has a background in
technoanthropology, working with iCBT as an IT consultant
and project manager.

Ethical Consider ations

The study was assessed by the Ethics Committee of Central
Denmark Region and found exempt from requiring ethical
approval (case number 1-10-72-9-25). All raters provided
informed consent prior to participation after being informed
about the study’s purpose and legal basis. No patients were
involved in the study. All rater data were collected and stored
in accordance with ingtitutional data protection guidelinesusing
Aarhus University’'s REDCap platform [40]. Rater identities
are not disclosed in any published materials. Raters received
no compensation for their participation.
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Results

Overview

Acrosstheinclusion period, atotal of 71 possibleratersaccessed
the survey, filling out the descriptive information form. Of these,
61 individuals had a full set of responses for 3 or more
message/response pairson both the LL M- and human-generated
responses. Five raters were removed for failing the attention
checks. Onerater was removed for a suspicious reporting pattern
(ie, having the same response for al items). One rater was
removed for neither having clinical experience with FSD nor
iCBT. Thisresulted in atotal of 54 ratersincluded for analysis.
Of these, 53 had complete data for all message/response pairs,
while one had missing values on thelast 3 pairs. For descriptive
information about included raters, see Table 1.

Five raters reported they were not currently clinically active,
contrary to the dligibility criteria. These raters were, however,
known to the authors to have relevant clinical experience. To
retain aslarge asample as possible, the authors chose to include
these cases within the main analysis. To assessthe effect of this
choice, sensitivity analyses were conducted, removing these
cases and rerunning al main analyses to see whether this
changed the outcome.

JMIR Ment Health 2026 | vol. 13| e96835 | p. 7
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MENTAL HEALTH

Table 1. Descriptive information about included raters.

Lammet d

Characteristic Value
Country, n (%)
Denmark 33(61)
Sweden 17 (31)
Germany, Belgium, Finland 4(7)
Professional background, n (%)
Psychologist 36 (66)
Medical doctor 18 (33)
Clinically active (yes), n (%) 49 (90)
Experience as psychotherapist (yes), n (%) 43 (79)
Experience treating FSD2 (yes), n (%) 43(79)
iCBTP experience, n (%)
No experience 24 (44)
Experience with iCBT for FSD 15 (27)
Experience with iCBT for other conditions 15 (27)
Self-reported qudlification to rate iCBT correspondences, n (%)
Definitely not qualified 1(2
Not qualified 0(0)
Somewhat qualified 16 (29)
Qualified 26 (48)
Very Qualified 11 (20)
Age (years), mean (SD; range) 40 (9.0; 25-62)
Clinical experience (years), mean (SD; range) 12 (8.23; 1-34)

8FSD: functional somatic disorder.
bCBT: internet-based cognitive behavioral therapy.

Quantitative Results

As shown in Table 2, no large differences between LLM- and
human-generated responses were observed across quality
dimensions. The scale of difference varied from near-zero
difference, for protocol adherence, to the LLM being rated as
dightly higher on empathy than human-generated responses.
The LLM was further rated slightly higher on professionalism
and dlightly lower on hel pfulness. For anillustration of the scale
of effects, see Figure 3. Across quality dimensions, both LLM-
and human-generated responses tended to be rated with amean
score around 4, indicating that the quality of messages was
generally perceived asabove averagein quality. Ratersidentified
the source correctly more often than chance for both response
types. Classification was substantially more accurate for
human-generated than LLM-generated responses.

https://mental .jmir.org/2026/1/e96835

To explore the effect of rater characteristics, subgroup analyses
were conducted for all moderator variables (see Figures a-g in
Section 5 in Multimedia Appendix 1). Across quality
dimensions, few moderator variables affected the rating of
responses and the classification successrate of individuals. One
notable variable was self-reported status as clinically active. A
total of 5 individuals rated themselves as clinically inactive,
and thesetended to consistently favor LLM-generated responses
more. The scale of difference was neverthelesssmall, in no case
exceeding one point on the 5-point rating scale.

Sensitivity analysis was conducted to examine the effect of
including the 5 individuals who rated themselves as currently
not clinically active. Results are presented in Section 6 in
Multimedia Appendix 1. Margina differences were observed
across quality dimensions, indicating little evidence that the
main analysis was biased by the inclusion of individuals with
prior, but no current, clinical activity.
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Table 2. Mean rating scores for al items for LLM®and human-generated responses.

Item LLM® mean(SD)  Human, mean (SD) AP (95% C) Cohend P value®
1. Quality 4.00 (0.54) 3.96 (0.53) 0.04 (-0.13t0 0.21) 0.06 66

2. Helpfulness 3.85 (0.57) 3.93(0.49) -0.08(-02410008) 0.3 32

3. Empathy 431 (0.47) 4,08 (0.50) 0.22 (0.080 0.37) 0.42 <.001

4. Professionalism 4.25(0.53) 411 (0.53) 0.14 (-0.08 t0 0.29) 0.24 08

5. Protocol adherence 4.13(0.52) 4.13(0.54) 0.01 (-0.11t0 0.14) 0.03 81

6. Correct classification® 62.72 (21.30) 78.64 (19.65) -16 (21 to —11) 0.79 <.001

& _LM: large language model.
P\ ean difference between LLM and human.
CSignificance level of t test.

dcorrect classification is reported as the mean percentage of responses correctly identified per rater. Values for this row, including A and the 95% ClI,

are expressed in percentage points rather than on the 1 to 5 rating scale.

Figure 3. Mean rating (1-5) for large language model (LLM)— and human-generated responses across the 5 quality dimensions. Points show group

means with 95% Cls. Higher scores indicate more favorable ratings.

LLM vs human mean ratings by item

—e—
Quality (Q1)
—e—i
Helpful (Q2)
——
Empathetic (Q3)
—o—
Professional (Q4)
—e—i
Adherence (Q5)
T T I T T
1 2 3 4 5

®LLM

ResultsFrom Analysisof Open-Ended Text Responses

A subset of 30 (55%) raters wrote comments in one or more
open-ended text fields, yielding 166 commented text fields,
totaling more than 4900 words. The raters who responded to
the open-ended text fields did not differ meaningfully from the
full sample on demographic characteristics or the main outcome
mesasures (Sections 7 and 8 in Multimedia Appendix 1). Findings
from the analysis of the open-ended text fields, including
selected quotes, are summarized in Figure 4. A codebook with
codes and coding frequencies is available in Section 9 in
Multimedia Appendix 1.

Two broad patterns were observed: LLM-generated responses
tended to be characterized as well-written, structured, often

https://mental .jmir.org/2026/1/e96835

Mean rating (1-5)

® human

inviting reflection and providing meaningful advice. At the
sametime, they were characterized as generic, impersonal, and
decoupled from the message they were responding to. Many
clearly described these replies as empathetic, athough the
empathy conveyed was at times experienced as excessive. This
occasionally resulted in advice described as insufficiently
challenging, potentially reinforcing avoidance behavior.

Descriptions of human-generated responses were weighted
differently. These responses were often perceived as concretely
helpful and personalized. Specifically, human-generated
responses were often praised for having agood balance between
being empathetic, directive, and challenging, providing concrete
suggestions for making behavioral changes. The
human-generated responses tended to be described as more
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unstructured, verbose, informal, or stylistically uneven, which
wasfrequently provided asareason for assuming it waswritten
by ahuman. The less polished appearance of human-generated
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responses, however, did not appear to detract from the perceived
usefulness of these messages.

Figure 4. Findings from the descriptive thematic content analysis. Italicized text represents selected quotes from raters. LLM: large language model.

Polished and correct ﬁ
communication gz
“Very well written. Feels straight

to the point, while still being
empathic”

?53% °R
LLM

Helpful, though
generic and superficial

“a bit detached orinauthentic, but
this time with some great invitations
to reflection and a useful break-
down of the components behind
the reluctance to attend the
wedding. Nice, even if it feels Al-
ish..”

Empathetic, but not %
very challenging &

GENERATED
RESPONSES

HUMA

Concrete, personalized,
challenging

“Very good message. Empathetic

yet insistent on the treatment and

hitting the nail on the head with

goal staircase, which by the way. is

the wording the patient uses.”

Less polished,
Jy stylistically uneven

GENERATED “Again choosing human therapist
RESPONSES due to (lack of) structure of the
“Al is often more supportive and response”
less confronting. The content is
aligned with the model, but [ find
the answer is less ‘therapeutic'in Helpful despite

the sense that the answer
doesn't question the patient’s
maladaptive behavior [...]"

Discussion

Principal Findings

This exploratory experimental study aimed at taking first steps
toward assessing whether an LLM would be able to generate
useful responsesto fictitious patient messagesiniCBT for FSD
compared with human therapist responses. Clinician ratings
indicated that LLM responses were broadly comparable to
human responses across the 5 quality domains. The observed
mean differencesranged from 0.01 to 0.22 on the 5-point scales
and were considered marginal. These results should be
interpreted descriptively as the analyses were exploratory and
not powered for formal testing. While the numerical direction
is consistent with the expectations for overal quality and
empathy (H1 and H2), the differenceswere considered too small
to be meaningful. Sourceidentification exceeded chancein both
cases, particularly for human-generated responses, which runs
counter to the expectation of chance-level sourceidentification
(H3).

Qualitative findings further cast important nuance on the
quantitative results: while LLM responses were described as
polished and empathetic, the empathy conveyed was at times
described as excessive and came at the expense of being

https://mental .jmir.org/2026/1/€96835
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i, imperfections

“The language was pretty bad
(and that makes me think it is a
human), but I feel that it had
some helpful new perspectives
and concrete advice, although it
could be better.”

appropriately challenging. Human-generated responses, by
contrast, were seen as less polished but more concrete and
personalized. Why the quantitative and qualitative findings
diverged isnot clear, and several explanations are possible. The
single-item scales may have been too coarseto register the more
specific shortcomings that raters articulated in the open-ended
text fields. The divergence may also reflect how the comments
were generated: only a select portion of raters wrote free-text
comments, and raters may be more inclined to comment when
they have a reservation than when they are satisfied, so the
qualitative material may overrepresent critical observations
relative to the overall ratings.

LL M-generated responseswere classified correctly only dightly
above chance, indicating that the output was fluent and
contextually appropriate enough not to read consistently as
LLM-generated, in contrast to human-generated responses,
which raters identified more readily. The qualitative findings
offer one way to understand this asymmetry: stylistic
unevenness, informality, and idiosyncrasy werefrequently cited
in the open-ended text fields as reasonsfor attributing aresponse
to ahuman, whereasLLM responseswere described as polished
and structured. Human-typical features may therefore have
served as more diagnostic cues than the comparatively
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ambiguous polish of the LLM responses, since experienced
therapists can also produce polished text.

Across subgroup analyses, rater characteristics had little bearing
on the ratings, with no difference exceeding one point on the
scale. The only notable tendency, that the 5 clinically inactive
raters favored LLM-generated responses sightly more, rested
on too small a subgroup to interpret with confidence, and a
sengitivity analysis excluding theseratersleft the overall pattern
essentially unchanged.

Results are largely in line with previous studies using similar
experimental rating designs, where models have been found to
be comparable to human therapist responses, in certain cases,
conveying more empathy and compassion [12-17,32]. This
study extendsthisliterature by being among thefirst to evaluate
LLM-generated responses within an iCBT setting where a
concrete pathway to clinical implementation exists. It further
strengthens the evidence base by relying on raters with
domain-specific clinical expertise. Given the deliberately
constrained experimental rating design, however, the findings
do not speak directly to clinical practice, but provide an initial
feasibility check and represent a first step toward more
naturalistic, clinically embedded studies.

Given the risks and legal constraints involved in LLM
integration into mental health care, the most immediately viable
use case for LLM technology may be as a support tool for
therapists [20,22,23]. This, however, does not diminish the
potential of LLMswithiniCBT. Lack of qualified mental health
care professionals is a central driver of unmet mental health
treatment needsworldwide [1-3]. Thisisalso thecaseiniCBT,
where the reliance on human therapistslimits scalability. Inthis
study, for instance, therapistsindicated using upwards of 15-25
minutes per message. With multiple active patients, the
cumul ative workload becomes substantial.

In the most favorable framing, LLM implementation could
markedly improve clinician workflow efficiency, without
compromising clinical outcomes. One experimental study of
professional writing tasks suggests that LLM assistance can
substantially reduce task completion time[44]. If similar gains
extend to iCBT, this could improve scalability, letting each
therapi st support more patients without compromising outcomes,
or, alternatively, reduce the workload per message so therapists
can support patients more closely, potentialy strengthening
adherence and thereby outcomes.

Implementing LLM-based automation is no simple task,
however, and whether these technologies deliver on their
promisein acomplex clinical reality remainsunclear [45]. Few
studies exist on thistopic [46], but one clinical implementation
study, examining implementation of LLM drafting in amedical
context, found no reduction in time spent per message [47].
This may reflect the complexity of automation and decision
support tools: while a digital tool may solve a problem
efficiently (eg, drafting aniCBT response), it can also generate
other types of tasks (eg, writing prompts and reading and
revising drafts) which offset initial efficiency gains[45,48,49].
This dynamic makes actual efficiency gains of LLM
technologies difficult to predict and underscoresthat investments
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in automation tool s should rest on careful analysis of how digital
toolsinteract with existing workflows.

Furthermore, it isunclear how the implementation would affect
the experience of therapists. Automating message drafting may
be experienced as arelief, reducing cognitive load and freeing
therapiststo focus on more meaningful clinical tasks. Emerging
evidence on Al support tool implementation, for instance,
indicates that it may improve the feeling of autonomy, reduce
cognitive load and burnout [47,50,51]. However, gains in
therapist efficiency could also raise management expectations
about patient caseloads, potentially offsetting positive effects
on the occupational health of therapists[49]. At the sametime,
it could create the impression among therapists that core
professional competencies are being outsourced, reducing
therapiststo peripheral auditorsrather than central actorsinthe
therapeutic process [49]. This could negatively affect iCBT
therapists' willingness to adopt LLM-based tools and lead to
shiftsin their work satisfaction, commitment, and professional
identity. Prolonged use of LLM-based tools may aso put
clinicians at risk of automation bias, where LLM-generated
suggestions are accepted without sufficient critical evaluation
[52,53], and may lead to deskilling, where clinicians' capacity
to independently formulate therapeutic responses gradually
deteriorates[49,54]. Over time, this could shift therapists’ sense
of what constitutes good clinical practice and erodethe distinctly
human dimensions of therapeutic work.

Realizing the potential of LLMsiniCBT will therefore require
acarefully researched approach to implementation that accounts
for these subtle but consequential effects on clinical practice.
Central to this may be framing LLM tools as a means of
supporting and enhancing clinical competencies rather than
replacing them, since research suggests that passively relying
on Al-generated content erodes workers self-efficacy,
ownership, and sense of meaning, whereas actively engaging
with and revising output largely preservesthem [55]. Practically,
this could mean enabling clinicians to prompt the model
themselves rather than only receiving drafts, so that clinical
judgment is actively applied. It may also be central to provide
themwith sufficient LLM literacy, establishing local guidelines
for how to use LLM systems and providing access to regular
supervision to understand and safely use the systemsthey work
with [49]. Developing these systems in collaboration with
clinicians and facilitating local configurability may also ensure
they optimally support real workflows and foster a sense of
shared ownership among users.

Another important aspect of LLM implementation is the
experience of patients receiving LLM-augmented therapist
guidance. The therapeutic relationship is often considered a
central ingredient of change in psychotherapy [56], including
digital interventions[57,58]. If patients are aware that therapist
responses are partially generated with LLM assistance, the
empathy conveyed in iCBT communication may risk being
perceived asless genuine or credible [59]. Thisis supported by
certain studies indicating that Al-labeled responses are viewed
as less trustworthy and of lower quality than human-labeled
responses [16,32,60]. Within mental health service delivery,
usersaso generally report a preference for ahuman-in-the-loop
approach to Al integration [61]. Careful integration of LLM
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features into iCBT workflows may therefore be important to
preserve the core relational elements of therapist guidance.

Beyond the various challenges relating to clinica
implementation, integrating LLM support intoiCBT also poses
atechnical challenge. It is possible to imagine several different
specific functions that could be supported by an LLM iniCBT:
summarizing courses of treatment, drafting responses, and
providing intervention suggestions. Most pertinent for this paper
is drafting support. This would entail installing a feature in
existing iCBT platforms which, when prompted by atherapist,
would packagerelevant clinical context (eg, treatment program
details and patient data), send it to the LLM with an instruction
prompt, and return a draft for the therapist to review and send.
Such systemswould also require operational oversight, such as
automated monitoring of LLM outputs to sustain acceptable
performance and guard against model drift [62].

Given the sensitive, clinical nature of iCBT correspondences,
LLMs would most likely require local hosting to ensure full
control over dataflows. LLMs, however, require substantial
computational resources, creating potential cost barriers for
many clinical organizations[63,64]. Notably, within this study,
a 70B parameter LLM was used with long but simple prompt
instructions, yet still seems to generate response drafts that
appear relevant and feasible in the context. This is interesting
given the common assumption that LLMs require
context-specific ~ optimization  (eg, finetuning  or
retrieval-augmented generation) to function effectively in
specialized domains [8,64]. While some studies suggest that
fine-tuning to mental health contexts can improve performance
[65,66], others indicate that it may not yield consistent gains
and can even degrade output quality, with performance
depending more on base model scale and architecture [67]. A
related consideration regards cultural and linguistic optimization.
LLMs generally perform best in high-resource languages such
as English and may have impaired performance in smaller
languages (eg, Danish) [35,36], which has also been indicated
in a mental health context [37]. Linguistic and cultural
performance in low-resource languages could potentially be
improved by using language-adapted foundational models[68].

Given that each optimization strategy entails distinct resource
investments, futurework should systematically examine whether
theresulting performance gainsjustify the costsrelative to using
genera-purpose base models. This could inform evidence-based
decisions about how LLMs can be most effectively optimized
and implemented into iCBT workflows.

Limitations

While this study provides initial insight into the feasibility of
applying LLMsiniCBT, current results and conclusions should
be interpreted in the light of several important methodol ogical
limitations:

First, this study was conducted as a highly controlled clinician
rating pilot experiment that had to balance ecological validity
and generalizability to real iCBT contexts against the need to
generaterigorous, standardized dataon response quality. It also
had to accommodate the need to recruit from a highly limited
population of qualified clinicians, each with limited time to
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allocate to responding to surveys. These constraints required
methodological compromises that limit generalizability to
real-world iCBT workflows: ratings of both human- and
LLM-generated responses were based only on simulated
single-turniCBT exchanges and basic demographicinformation.
This should be considered quite different from routine iCBT,
where atherapist typically has access to patient records, prior
platform interactions, and video or telephone consultations, and
where exchanges unfold over multiple turns rather than one.
The use of single-turn exchanges is a particularly important
limitation, given thetendency for LLM performanceto degrade
substantially over multiturn exchanges [62]. Nevertheless, this
approach is consistent with previously conducted comparable
studies [12,16,17] and was the only feasible option given the
study’s exploratory scope.

Second, the experiment was conducted in English, as this was
assumed to be the fairest test of the LLM’s capabilities and
allowed for international recruitment of raters. The human
therapists and researchers were, however, only clinicaly
proficient in Danish, and the patient messages and
human-generated responses were therefore written in Danish
and trandated into English. Although trandlation was conducted
by a qualified trandator, reviewed by the original authors, and
checked by a native English speaker, it may till have subtly
altered the tone, style, and feel of the message. Importantly,
while the patient messages were translated for both conditions,
only the human-generated responses were themsel ves produced
in Danish and trand ated, whilethe LL M generated itsresponses
directly in English. Any loss of nuance from transating the
responses could therefore have affected the 2 response types
differently and cannot be ruled out as a contributor to the
observed variability in response characteristics.

Third, the choiceto include only qualified clinician raters meant
that the population that could be sampled from was small. This
gaveriseto arelatively small sample size, barring adequate use
of inferential statistics. The sample size was nevertheless not
much different from other studies using qualified raters
[13,16,17] and compared to similar studies using medical
domain expert raters [69,70]. The use of experienced clinician
raters also means that no patients were included, which means
it remains unclear whether patients would perceive the
LL M-generated messages similarly to the experienced clinician
raters. Further, raters were recruited primarily through the
authors' professional networks, which may have introduced
selection bias. Clinicians reached this way may hold similar
attitudestoward digital technologiesor LLMs, whether explicit
or implicit, that are not representative of the broader population,
potentially affecting their ratings and limiting the diversity of
perspectivesin the sasmple. Relatedly, rater attitudes toward Al
were not measured in this study, making it difficult to discern
whether they moderated the ratings.

Fourth, each of the 5 quality dimensions was assessed with a
single item rather than a validated multi-item scale. Thiswas a
deliberate decision to keep the survey short enough for
time-constrained clinicians to complete, and a consistent
approach used in comparable rating studies [13,16,17]. Single
items nevertheless capture each construct more coarsely than
multi-item scales and provide no estimate of internal
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consistency, which limits the measurement validity and
reliability of the ratings.

Fifth, the need to limit survey length meant only 5 patient
messages, each paired with 1 human- and 1 LLM-generated
response, were evaluated. As a pilot aimed at establishing the
direction and magnitude of effects rather than a definitive
estimate, detailed ratings from a sufficient number of raters
were prioritized over a broad stimulus set, consistent with
previoussimilar studies[13,16]. Five messages, however, cannot
capture the range of clinica dsituations, registers, and
communicative challenges encountered in iCBT, and the
messages sampled may be ones the model handles relatively
well. Larger, more varied stimulus sets are therefore needed
and could reveal weaker or less reliable performance.

Sixth, the study evaluated a single model (Llama 3.1 70B) in a
single configuration, using only thefirst generated response for
each message. Because LLM output is probabilistic, thissingle
draw does not capture the model’s variability, and performance
may vary across modelsand configurations, though therel atively
small, nonoptimized model used here represents a conservative
baseline that larger or more recent models would generally not
be expected to underperform. Using the first output avoided
researcher curation but meansthe rated responses may not reflect
the model’s best performance. Comparison across models,
configurations, and repeated samplesis an important direction
for future work.

Seventh, the study assessed perceived response quality but
included no dedicated clinicd safety assessment.
Professionalism and protocol adherence may capture some
safety-relevant aspects but cannot substitute for systematic
evaluation of clinical risk, such as inappropriate reassurance,
reinforcement of avoidance, inadequate handling of suicidality,
or advice conflicting with treatment principles.

Implications and Future Studies

Findings from this study indicate that LLMs could potentially
be implemented as a useful support tool for therapistsin iCBT.
However, further studies, gradually moving from small-scale
experiments to clinical studies, are needed before responsible
implementation can be realized [24].

Toimprovethe ecological validity of thefindings, thesefindings
should be replicated using a larger and more varied set of
real-world iCBT patient messages rather than constructed
stimuli, extended to multiturn exchanges, and provide therapists
access to much more contextual information than just the
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isolated demographic characteristics and message/response pair.
Future research efforts should also adopt validated multi-item
scales, which include assessments of perceived safety and avoid
the present trand ation asymmetry by conducting the comparison
natively in onelanguage. Such studies could also includeiCBT
patients as raters, thereby capturing end users’ perceptions of
usefulnessinstead of only including expert raters’ perspectives.
Recruitment should aso rely less on the researchers
professiona networks and aim for amore representative sample,
andraters attitudestoward Al should be assessed and accounted
for in the analysis. Finally, research should examine how the
introduction of LLM-assisted messaging may influence the
therapeutic relationship in iCBT.

To guide effective implementation, studies could also explore
how the introduction of LLM technologies affects the iCBT
workflow for therapists, both on a practical (eg, time savings
and additional work processes) and an experiential level (eg,
changesto professional identity and work satisfaction). Research
should al so examine whether prolonged use of LLM-based tools
introduces risks of automation biasor clinical deskillingamong
iCBT therapists. Further, studies could explore how LLM
performance in an iCBT context is affected by different
optimization strategies and whether the resulting gains justify
the associated costs (eg, retrieval-augmented generation,
fine-tuning, and linguistic/cultural adaptation).

Ultimately, LLM-based tools should be tested within clinical
iCBT trials to assess their impact on treatment outcomes and
cost-effectiveness, while also monitoring for unexpected
downstream effects on both therapist and patient experience.

Conclusions

This study examined to what extent LLMs can generate
meaningful responses to patient messages in iCBT for FSD.
Across 5 therapeutic quality domains, experienced clinician
ratersjudged the model’ sresponsesto be of broadly comparable
quality to those written by experienced human therapists.
Qualitative findings provided further context, indicating that
while LLM outputs were perceived as polished and
well-formulated, they were a so at times experienced as generic,
excessively empathetic, and insufficiently challenging. These
findings provide initial indications of the feasibility of using
LLMsasatherapist-support tool withiniCBT workflows. Future
research should examine how LLM-based tools can be
effectively integrated into iCBT workflows and whether their
use tranglates into tangible clinical and organizational benefits.
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As described in the methods section, Llama 3 was used to generate the stimulus materials within the research process. During
the preparation of this work, the authors used ChatGPT 4, ChatGPT 5, and Claude Opus 4.6 for text generation (eg, writing
paragraphs from aresearcher-specified outline) and editing (reformul ating sentences, ensuring correct language use). LLMswere
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