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ARTICLE INFO ABSTRACT

Keywords: Obsessive-Compulsive Disorder (OCD) is a mental health condition characterized by recurrent intrusive thoughts
Artificial intelligence and repetitive behaviors, causing significant distress and disruption to daily life. Early identification and
ChatGPT

intervention are crucial for improving outcomes. This research compared the performance of four Al models
(ChatGPT-3.5, ChatGPT-4, Claude 3.5 Sonnet, and Gemini 1.5 Pro) to that of human mental health professionals
in recognizing OCD, recommending evidence-based therapies, and assessing stigma attributions. Using six vi-
gnettes, the study analyzed 480 Al evaluations and 315 assessments by mental health professionals. The AL
models demonstrated superior performance in OCD recognition (100 % vs. 87 % accuracy for humans) and in
recommending evidence-based interventions (60-100 % vs. 61.9 % for humans). Additionally, the AI models
showed lower stigma and danger estimations. These findings indicating that AT demonstrated higher accuracy in
vignette-based recognition tasks highlight the potential for Al integration into mental health care, particularly for

Large language models
Obsessive-compulsive disorder
Vignette study

Mental health professionals

enhancing OCD diagnosis and treatment.

1. Introduction

Obsessive-compulsive disorder (OCD) is a chronic and debilitating
mental health condition that significantly impairs an individual’s
functioning and well-being (Cervin, 2023; Fineberg et al., 2019; Hor-
wath & Weissman, 2022). The disorder is characterized by intrusive,
repetitive thoughts (obsessions) and compulsive behaviors or mental
acts aimed at reducing distress (Barnhill, 2022; Wairauch et al., 2024).
This disorder is widely recognized as persistent and difficult to treat,
with many patients experiencing lifelong symptoms if left untreated
(Melkonian et al., 2022; Shams et al., 2024; Sharma et al., 2021).
Despite the availability of effective evidence-based treatments, such as
exposure and response prevention (ERP) and serotonin reuptake in-
hibitors (SRIs), individuals with OCD face persistent barriers to timely
diagnosis and care (Fineberg et al., 2019; Font enelle et al., 2022; Liu
et al.,, 2021). Studies have consistently demonstrated a striking delay
averaging 12-17 years between the onset of symptoms and the initiation
of appropriate treatment (Eisen et al., 2013; Perris et al., 2021; Pinto
et al., 2006).

One major contributor to this delay is the misdiagnosis of OCD or the
failure to recognize OCD symptoms. Patients with intrusive thoughts,
particularly those with ego-dystonic obsessions of a taboo nature (e.g.,
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sexual, religious, or aggressive content), are frequently misunderstood
(Allely & Pickard, 2024; Bruce et al., 2018). For example, individuals
who present to emergency departments with suicidal obsessions may be
hospitalized as if they were at imminent risk, despite the fact that their
thoughts are ego-dystonic and inconsistent with their intent (Bruce
et al., 2018). Clinicians often conflate obsessions with excessive worries,
leading to misdiagnosis as generalized anxiety disorder (GAD) or
depression (Torres et al., 2007; Lafleur et al., 2017; Leichsenring et al.,
2019).

Prior research has demonstrated that clinicians often have difficulty
accurately diagnosing OCD, with misidentification rates varying
depending on symptom presentation. Glazier et al. (2015) found that
primary care physicians misdiagnosed half of OCD vignettes, with
particularly high error rates for sexual (70.8 %-84.6 %) and aggressive
(80.0 %) obsessions. Glazier et al. (2013) similarly reported high
misidentification of atypical symptoms (up to 75 %) compared to
contamination obsessions (15.8 %). Perez et al. (2022) showed that
mental health providers misdiagnosed taboo thoughts (34.7 %-52.7 %)
more often than contamination (11 %) or symmetry (6.9 %). Collec-
tively, these findings highlight systematic blind spots, especially in the
context of taboo or atypical presentations.

Recognition is further complicated by the diversity of OCD symptom
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presentation (Shavitt et al., 2022). While common subtypes include
contamination, symmetry/incompleteness, responsibility for harm, and
taboo intrusive thoughts (Abramowitz et al., 2010; Canavan, 2024;
Jacoby et al., 2018), many additional forms exist, among them somatic
obsessions and “not just right” experiences. Empirical studies under-
score this challenge: nearly 40 % of mental health professionals (Glazier
et al., 2013) and over 50 % of primary care physicians (Glazier et al.,
2015) failed to identify OCD correctly when presented with validated
vignettes, particularly those involving taboo themes (Glazier & McGinn,
2015; Perez et al.,, 2022). Beyond the medical system, community
gatekeepers such as clergy also misidentify OCD at high rates, particu-
larly taboo-themed presentations, and frequently recommend in-
terventions inconsistent with evidence-based care (Gouniai, Smith, &
Glazier Leonte, 2022). Collectively, these findings highlight systemic
barriers to human recognition of OCD, barriers that are rooted in stigma,
symptom heterogeneity, and limited awareness of the full spectrum of
the disorder (Dell’Osso et al., 2015; Thornicroft et al., 2019).

In view of these persistent diagnostic challenges, artificial intelli-
gence (Al)—specifically large language models (LLMs)—may provide
valuable complementary tools. LLMs, a subset of natural language pro-
cessing systems, are trained on vast corpora of text to generate sophis-
ticated predictions and responses (Zhang et al., 2024). Their design
allows them to process nuanced linguistic input, potentially facilitating
more consistent identification of psychopathological features than
human judgment alone (Kim et al., 2024). Al models have already
demonstrated promise in health-related applications, for example by
streamlining administrative processes, increasing patient accessibility,
and reducing stigma (Levkovich & Elyoseph, 2023a; Levkovich &
Elyoseph, 2023b; Borna, 2024; Lee, 2023). In the specific case of OCD,
patients often struggle to disclose intrusive or taboo obsessions due to
shame or fear of judgment (Perris et al., 2021). Al-based tools may offer
an accessible and less stigmatizing environment for initial recognition
and triage (Borna et al., 2024; Thornicroft et al., 2019). Moreover, by
applying consistent diagnostic heuristics, LLMs may reduce some of the
human biases that often contribute to the misclassification of obsessions
as worries or as spiritual struggles (Bruce et al., 2018; Glazier et al.,
2013, 2015; Kim et al., 2024). Yet Al cannot and should not replace
skilled clinicians; rather, it can serve as a supplementary tool to support
recognition, referral, and psychoeducation (Motlagh et al., 2023;
Rudolph et al., 2023; Gémez-Cabello, 2024).

Despite the rapid growth of Al applications across healthcare do-
mains, research on their role in diagnosing OCD remains limited and has
had mixed results. Recent work suggests that LLMs, such as ChatGPT-4
and Gemini Pro, can outperform clinicians in certain psychiatric diag-
nostic tasks, including the recognition of OCD symptom presentations,
while providing consistent reasoning patterns (Motlagh et al., 2023;
Rudolph et al., 2023). Simultaneously, content moderation policies and
training biases have constrained AI’s ability to accurately process sen-
sitive or taboo obsessions, with some models refusing to engage with
sexual or aggressive material (Bruce et al., 2018; Glazier & McGinn,
2015). Methodological inconsistencies across studies and ethical con-
cerns regarding privacy, safety, and cultural bias also underscore the
need for caution (Gomez-Cabello et al., 2024; Tal, 2023; Haber, 2024;
Tornero-Costa, 2023).

Systematic reviews highlight the potential of LLMs in mental health
for providing consistent diagnostic performance and treatment support
while stressing the need for ethical safeguards (Levkovich & Omar,
2025, Omar & Levkovich, 2025). Evidence shows that although LLMs
such as ChatGPT-4 may surpass professionals in treating conditions such
as depression and PTSD, their accuracy is lower in complex cases such as
early schizophrenia and their recovery predictions are more conserva-
tive (Levkovich, 2025). Recent findings further demonstrate that LLMs
outperform clinicians in identifying OCD using standardized vignettes,
with ChatGPT-4 achieving perfect accuracy, underscoring both their
potential and limitations (Kim et al., 2024).

Research on OCD-related misdiagnosis among mental health
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professionals other than psychiatrists further highlights the urgent need
for reliable diagnostic tools. Psychologists, social workers, and primary
care providers frequently misidentify OCD, particularly when it presents
in less stereotypical or taboo-related forms and sometimes recommend
interventions that are not evidence-based (Glazier et al., 2013, 2015;
Pérez et al., 2022). These findings resonate with broader evidence that
even trained professionals may overlook OCD when it manifests outside
conventional symptom clusters, resulting in significant delays in treat-
ment. Thus, while LLMs hold promise for addressing these systemic
barriers, their effectiveness still must be rigorously evaluated in com-
parison with human clinicians.

1.1. Current study

The current study evaluated the diagnostic accuracy, treatment
recommendations, and stigma attributions of four widely used large
language models (LLMs): ChatGPT-3.5 (OpenAl, 2023a), ChatGPT-4
(OpenAl, 2023b), Claude (Claude 3.5 Sonnet), and Gemini (Gemini
1.5 Pro), in comparison with those of mental health professionals. The
models were tested across multiple languages using standardized vi-
gnettes to examine whether LLMs can overcome persistent challenges in
OCD recognition and whether their outputs are aligned with
evidence-based standards of care.

1.2. Research questions
This study examined the following research question:

RQ1: How do various Al tools (ChatGPT-3.5, ChatGPT-4, Claude, and
Gemini) compare to the evaluations of human mental health pro-
fessionals in accurately recognizing OCD?

RQ2: What are the recommended therapies for individuals diagnosed
with OCD according to various Al tools (ChatGPT-3.5, ChatGPT-4,
Claude, and Gemini) compared with the recommendations of human
evaluators (mental health professionals)?

RQ3: How do various Al tools (ChatGPT-3.5, ChatGPT-4, Claude, and
Gemini) compare to the evaluations of human mental health pro-
fessionals in their assessments of stigma attributions and treatment
willingness for OCD?

2. Method
2.1. LLMs procedure

This study was approved by the Ethical Review Board of the XXX
Ethics Committee (No. XXX) and was conducted in accordance with the
Declaration of Helsinki. Four large language models (ChatGPT-3.5,
ChatGPT-4, Claude 3.5 Sonnet, and Gemini 1.5 Pro) were evaluated in
March 2024. These models were selected because they were the most
widely accessible platforms at the time of data collection and repre-
sented distinct design philosophies and stages of technological devel-
opment: ChatGPT-3.5-turbo served as the freely available baseline; GPT-
4 was ChatGPT’s premium version with advanced reasoning capabil-
ities; Claude 3.5 Sonnet, Anthropic’s Constitutional AI, emphasized
safety; and Gemini 1.5 Pro was Google’s multimodal system. Each
vignette was entered into a new chat session (separate browser tab) to
ensure that the models could not rely on the prior conversation history.
In some cases, evaluations were conducted across different devices to
minimize the influence of cached responses. To maintain independence
between the assessments, no additional prompting or fine-tuning was
applied; only the first response from each model was recorded. Other
potential models were considered but excluded due to limited avail-
ability, licensing restrictions, or unstable performance during the study
period.
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2.2. Human participants

The present study also included a sample of 315 mental health pro-
fessionals who met the following inclusion criteria: (1) certification as
psychologists, social workers, or psychotherapists; (2) sufficient profi-
ciency in English to respond to the vignettes; and (3) provision of written
informed consent. Exclusion criteria were limited to incomplete ques-
tionnaire responses. Participants were recruited via professional net-
works and social media between March and June 2024.

The sample comprised 58 % psychologists, 32 % clinical social
workers, and 10 % psychotherapists. The average age was 42.7 years
(SD = 9.6, range 28-64). A slight majority of the respondents were
women (62 % female, 38 % male). Most participants were married or in
a long-term partnership (68 %), while the remainder were single (22 %)
or divorced or widowed (10 %). Clinicians were employed in a variety of
settings, including community mental health centers (40 %), hospitals
(35 %), and private practice (25 %). They reported an average of 9.2
years of clinical experience (range 2-28 years). Each mental health
professional completed four vignettes along with the accompanying
assessment items, yielding 1260 vignette-level responses (315 partici-
pants x 4 vignettes each). This dataset was analyzed separately from the
large language model (LLM) outputs. Fig. 1 provides an overview of the
study design.

2.3. Input source: vignettes

Vignettes are widely used as a research tool that allows for the sys-
tematic examination of diagnostic reasoning, clinical decision-making,
and professional attitudes in a controlled and standardized manner
(Levkovich, 2025; Cvetkovic et al., 2025). Their primary advantage lies
in their ability to present consistent clinical descriptions to different
participants or systems, thereby enabling reliable comparisons of re-
sponses. In the present study, we employed six vignettes that had been
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previously developed and extensively validated in earlier studies
(Glazier et al., 2015; Canavan, 2022). In Glazier et al. (2015), 97 % of
physicians confirmed that the vignettes met the diagnostic criteria for
OCD, providing strong validation.

These vignettes were originally drafted by OCD specialists, refined
iteratively, and validated through expert review, pilot testing, and
repeated use in clinician samples. They have since been applied in
multiple studies, demonstrating the expected recognition patterns
among clinicians. Some of these vignettes were later translated into
Spanish for use in an additional study (Perez et al., 2022), although only
the original English versions were used in the present analysis.

The six vignettes covered the following OCD presentations: four
taboo-themed intrusive thoughts—pedophilia-themed obsessions
(POCD), sexual orientation OCD (SO-OCD), aggressive obsessions, and
scrupulosity (religious)—as well as contamination and symmetry. Each
vignette was constructed in both male and female versions (e.g., John or
Lorraine). Apart from gender, all demographic details were held con-
stant across the vignettes to minimize potential content bias (Glazier
et al., 2015).

Ten separate evaluations were conducted for each vignette within
new tabs in ChatGPT-3.5, GPT-4, Claude, and Gemini, yielding 480
outputs. These repeated runs represented non-independent outputs from
the same model. They were included to assess within-model consistency
and did not serve as evaluations from distinct raters. Each vignette
described an initial therapy session with a client presenting OCD
symptoms that had persisted for five years and were causing marked
distress and impairment. All vignettes were standardized to 125-155
words. The full set of vignettes is provided in Appendix 1. One example
vignette is described below for illustration purposes:

Lorraine, a middle-aged woman, constantly worries about dirt and
germs in her surroundings. She is unable to complete many of her
daily activities because she tries at all costs to avoid touching things

Study Design

e

Mental Health
Professionals

[EA)
(.

Mental Health Professionals (N=315)

58% Psychologists
32% Social Workers
10% Psychotherapists

Mean age: 42.7 years
62% Female / 38% Male
Average 9.2 years experience

Measures

Diagnosis

Confidence

Treatment recommendation

Treatment confidence

Risk of harm

Willingness to engage

N

Large Language Models

Selection of LLMs
ChatGPT-3.5
ChatGPT-4

Claude

Gemini

Input: Standardized OCD Vignettes

Six vignette types (taboo, contamination,

symmetry, etc.)

Gender-specific versions — 12 scenarios

total

Validated in prior studies (Glazier et al.,
2015; Canavan, 2022)

Evaluation Procedure

Each vignette entered in a new session

Ten runs per vignette per model (480

evaluations total)

Fig. 1. Study design overview comparing Mental Health Professionals (MHPs) and Large Language Models (LLMs).

Note: MHPs = Mental Health Professionals; LLMs = Large Language Models.
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she thinks may be dirty. If Lorraine does touch a “dirty” object, she
will immediately wash her hands to avoid contracting a disease. She
knows that these thoughts are excessive in nature and come from
within her own mind. Yet despite knowing this, she remains upset by
these thoughts and is not able to stop them.

2.4. Measures

To ensure consistency across conditions, the LLMs were presented
with the same vignette texts and item wording used in the clinicians’
study. The survey included six questions adapted from Canavan (2022).
The first questions assessed diagnostic ability. The prompt asked: “Please
indicate the most likely diagnosis for this client (choose one of 21 options).”
This statement was followed by a confidence rating: “How confident are
you in your diagnostic judgment?” Respondents answered on a five-point
Likert scale (1 = not confident at all, 5 = very confident).

Next, the participants and the LLMs were asked to provide a primary
treatment recommendation. The item read: “Please select your primary
treatment recommendation from the list below.” Options included ERP
(exposure and response prevention), CBT (cognitive-behavioral ther-
apy), SSRIs, supportive therapy, psychodynamic therapy, family ther-
apy, and “other.” Participants chose their responses from this structured
list rather than entering free text. A second question asked: “How
confident are you in this treatment recommendation?” The question was
also answered on a five-point Likert scale. In line with Canavan (2022),
evidence-based treatments (EBTs) were operationalized as ERP/EX-RP
and SSRIs, and CBT was coded as an EBT only when explicitly
described as incorporating ERP principles. All other options, including
supportive therapy, psychodynamic therapy, family therapy, and re-
sponses classified as “other”, were coded as non-EBTs.

Finally, stigma-related items adapted from Brown (2008) were
included in the questionnaire. The first item assessed perceived risk: “To
what extent do you believe this client poses a risk of harm to others?” The
item was rated on a seven-point Likert scale (1 = no risk, 7 = very high
risk). This item did not represent an objectively verifiable danger level
but rather served as a proxy of perceived stigma toward clients with
OCD. The second item measured willingness to engage: “How willing
would you be to engage professionally with this client?” Participants
answered on a seven-point Likert scale (1 = not willing at all, 7 = very
willing).

For the LLM condition, each vignette and its six questions were
entered verbatim and in the same order, with each run initiated in a new
chat window to avoid carryover effects. The items assessing “confi-
dence” and “willingness to engage” were retained because they replicate
validated measures used in previous clinician vignette studies (Canavan,
2022; Brown, 2008). When applied to LLMs, however, these items do not
reflect internal states but rather serve only as textual proxies simulating
a clinical stance. Their inclusion enables comparability with prior
human data while acknowledging that such responses reflect language
production patterns rather than genuine clinician attitudes.

2.5. Statistical analysis

All analyses were conducted using R software version 4.4.0 (Core
Team, 2023) and R-Studio version 2023.06.1 (RStudio Team, 2020). All
tests were conducted using a two-tailed approach, with an initial sig-
nificance threshold set at o« = .05. However, given the large number of
chi-square analyses conducted to compare OCD recognition rates across
multiple vignette types and between AI models and clinicians, we
applied the Bonferroni correction to control for inflated Type I error.
Therefore, the reported p-values reflect the adjusted significance level
after correction.

The chi-square test of independence was conducted to analyze the
rates of OCD identification relative to client gender. Furthermore, a chi-
square analysis was used to evaluate the overall rates of OCD
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identification across the six distinct OCD presentations. The statistical
methodology employed in this study was designed to provide a rigorous
assessment of the effectiveness of various Al tools and human pro-
fessionals in recognizing OCD. There were no statistically significant
discrepancies in recognition rates based on client gender across any of
the vignette subtypes. Consequently, the data for the male and female
versions of each vignette type were combined for the remainder of the
analysis, as reported by Canavan (2022).

3. Results

3.1. RQI: Comparison of effectiveness of Al tools (ChatGPT-3.5,
ChatGPT-4, Claude, and Gemini) and of mental health professionals in
recognizing OCD

As defined in the Methods section, the recognition rate refers to
whether OCD was correctly identified as the most likely diagnosis from a
structured list of 21 options. To evaluate the differences in performance
across these entities, we conducted chi-square tests to assess the statis-
tical significance of the observed frequencies in each category. Given the
multiple comparisons across entities, post-hoc pairwise chi-square tests
with Bonferroni correction were employed to identify the specific pairs
of entities that exhibited significantly different recognition rates.

Chi-square tests revealed significant differences in total recognition
rates across entities (X2(4) = 1906.6, p < .001). Post hoc pairwise
comparisons with Bonferroni correction revealed significant differences
between mental health professionals and all Al entities. Specifically,
ChatGPT-3.5 (x%(1) = 421.61, p < .001), ChatGPT-4 (y*(1) = 712.83, p
<.001), Claude (y*(1) = 712.83, p < .001), and Gemini (3(1) = 712.83,
p < .001) all exhibited significantly higher OCD recognition rates than
the mental health professionals. These findings suggest that Al tools
outperform human professionals in recognizing OCD. Table 1 and Fig. 2
illustrate the OCD recognition rates for the different entities.

The analyses were conducted independently for each vignette and
revealed similar results.

Pedophilia Vignette: Chi-square tests showed significant differences in
recognition rates across entities (X2(4) = 2930.5, p < .001). Post hoc
pairwise comparisons utilizing the Bonferroni correction revealed sig-
nificant differences between mental health professionals and all Al en-
tities. Specifically, ChatGPT-3.5 (Xz(l) =621.21, p < .001), ChatGPT-4,
Claude, and Gemini (all X2(1) = 936.08, p < .001) all demonstrated
significantly higher OCD recognition rates compared to mental health
professionals.

Aggressive Vignette: Chi-square tests showed significant differences in
recognition rates across entities (X2(4) = 3435.7, p < .001). Post-hoc
pairwise comparisons involving Bonferroni correction revealed signifi-
cant differences between mental health professionals and all Al entities.
ChatGPT-3.5, ChatGPT-4, Claude, and Gemini (all X2(1) =1153.9,p <
.001) all exhibited significantly better OCD recognition rates than those
of mental health professionals.

Religious Vignette: Chi-square tests showed significant differences in
recognition rates across entities (X2(4) = 2423.7, p < .001). Post-hoc
pairwise comparisons with Bonferroni correction indicated significant
differences between mental health professionals and all AI entities.
ChatGPT-3.5 (Xz(l) =609.5, p < .001), ChatGPT-4, Claude, and Gemini
(¥%(1) = 923.19, p < .001) all demonstrated significantly higher OCD
recognition rates than mental health professionals.

Homosexual Vignette: Chi-square tests revealed significant differences
in recognition rates across entities (X2(4) = 2679.3, p < .001). The post
hoc pairwise comparisons, along with the Bonferroni correction,
revealed significant differences between mental health professionals and
all Al entities. Claude (Xz(l) = 710.92, p < .001), ChatGPT-3.5,
ChatGPT-4, and Gemini (all Xz(l) = 1034.2, p < .001) demonstrated
significantly higher OCD recognition rates than mental health
professionals.

Contamination/Symmetry  Vignette:

Chi-square tests indicated
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Table 1

Comparison of OCD recognition rates across different entities.
Vignette Mental health professionals ChatGPT-3.5 ChatGPT-4 Claude Gemini
Total Recognition 47.3 % 90.0 % 100.0 % 100.0 % 100.0 %
Pedophilia 36.1 % 100.0 % 100.0 % 100.0 % 100.0 %
Aggressive 26.7 % 100.0 % 100.0 % 100.0 % 100.0 %
Religious 36.7 % 90.0 % 100.0 % 100.0 % 100.0 %
Homosexuality 31.7 % 100.0 % 100.0 % 90.0 % 100.0 %
Contamination/Symmetry 77.3 % 30.0 % 100.0 % 100.0 % 100.0 %

100.0% 100.0% 100.0% 100.0% 100.0% 100.0% 0% 100.0%
100.0%[100.0% 100.0%

100.0% 100.0%|
100.0%
80.0%
60.0%
40.0%
26.7%
20.0%

Aggressive

100.0%|100.0%
90.0%
47.3%
36.19

OCD Recognition

0.0%
Paedophilia

100.0%|100.0%
90.09
36.7%

77.3%

100. I .0%

Contamination/
Symmetry

M Psychotherapists
B ChatGPT-3.5

W ChatGPT-4

H Claude.Al

W Gemini

100. 0%

Religious Homosexuality

Fig. 2. Comparison of OCD recognition rates across different entities.

significant differences in recognition rates across entities (X2(4) =
2447.7, p < .001). The results of post-hoc pairwise comparisons with
Bonferroni correction demonstrated notable disparities between mental
health professionals and all Al entities. ChatGPT-4, Claude, and Gemini
(all ¥*(1) = 253.81, p < .001) demonstrated significantly higher OCD
recognition rates than did mental health professionals. ChatGPT-3.5
(x%(1) = 447.96, p < .001) was the only AI that performed worse than
the mental health professionals.

With the minor exception of ChatGPT-3.5’s performance in the
contamination/symmetry vignette, in all cases Al exhibited significantly
better OCD recognition rates than mental health professionals, indi-
cating that Al tools outperformed human professionals in recognizing
OCD across various vignettes.

Moreover, when examining the differences between mental health
professionals and Al entities regarding their confidence in identifying
the correct psychological diagnosis based on the provided vignettes, chi-
square tests revealed significant differences across the entities (x2(4) =
533.88, p < .001). Post-hoc pairwise comparisons incorporating the
Bonferroni correction revealed statistically significant differences be-
tween mental health professionals and all Al entities: ChatGPT-3.5,
ChatGPT-4, Claude, and Gemini (all X2(1) = 136.91, p < .001), with
the Al entities displaying significantly higher confidence rates than the
mental health professionals (100 % vs. 87 %).

3.2. RQ2: Comparison between mental health professionals and Als in
their treatment decisions (whether or not they recommended evidence-
based intervention)

Based on the provided vignettes, the chi-square test results indicated
a significant difference between the entities (x2(4) =1568.4, p < .001).
Further analysis using post-hoc pairwise comparisons with Bonferroni
correction revealed a significant difference between mental health

professionals and all Al entities. ChatGPT-3.5 (Xz(l) = 786.61, p <
.001), ChatGPT-4 (x%(1) = 486.75, p < .001), Claude (y*(1) = 786.61, p
< .001), and Gemini (Xz(l) = 54.513, p < .001) all demonstrated
significantly higher evidence-based treatment (EBT) recommendation
rates than mental health professionals (Fig. 3).

Moreover, chi-square tests that compared the EBT recommendation
rates between mental health professionals and Al entities only for those
that recognized OCD pointed to significant differences across the entities
(x%(4) =1101.8, p < .001). Additionally, post hoc pairwise comparisons
with Bonferroni correction revealed significant differences between
mental health professionals and most Al entities. ChatGPT-3.5 (Xz(l) =

100% 100%
100 - 90%
80 -
43.4% 60%
60 -+
40 -
20 -+
0 -
N4 i) > 2 LD
Ny o g $ >
@ C)Q& & o‘b— O@‘&

Fig. 3. Comparison of EBT recommendation rates across different entities.
Note: EBT = Evidence-Based Treatment; MHPs = Mental Health Professionals.
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468.19, p < .001), ChatGPT-4 (3%(1) = 214.61, p < .001), and Claude
(Xz(l) = 468.19, p < .001) all demonstrated significantly higher EBT
recommendation rates than mental health professionals, whereas
Gemini (x%(1) = 0.68, p = .41) showed rates similar to those of mental
health professionals.

Chi-square tests examining differences between mental health pro-
fessionals and Als regarding confidence in their EBT recommendation
pointed to significant differences across entities (X2(4) = 807.15, p <
.001). The results of post-hoc pairwise comparisons with Bonferroni
correction pointed to significant differences between mental health
professionals and all Al entities. ChatGPT-3.5 (Xz(l) = 189.39, p <
.001), ChatGPT-4 (y*(1) = 436.59, p < .001), Claude (5*(1) = 62.701, p
< .001), and Gemini (Xz(l) = 436.59, p < .001) all demonstrated
significantly higher confidence rates than mental health professionals
(Fig. 4).

3.3. RQ3: Comparison between Als and mental health professionals in
their stigma and danger estimations

Stigma estimations were based on two validated items (Brown, 2008)
that assessed perceived risk of harm and willingness to engage profes-
sionally. As the danger item reflects perceived stigma rather than
objective clinical risk, the observed differences should be interpreted as
variations in stigma attribution, not as accuracy in risk assessment.

Chi-square tests indicated significant differences across entities
(X2(4) = 673.97, p < .001) in stigma and danger estimations. Post-hoc
pairwise comparisons with Bonferroni correction also revealed signifi-
cant differences between mental health professionals and all Al entities.
ChatGPT-3.5, ChatGPT-4, Claude, and Gemini (all X2(1) =175.29,p <
.001) all exhibited significantly lower estimations (all 0 %) of danger
than mental health professionals (16.3 %).

Finally, in answer to the question regarding willingness to treat the
person described in the vignettes, chi-square tests showed significant
differences across the entities (X2(4) = 251.11, p < .001). Post-hoc
pairwise comparisons with Bonferroni correction revealed significant
differences between mental health professionals and all Al entities.
ChatGPT-3.5, ChatGPT-4, Claude, and Gemini (all XZ(I) =61.936, p <
.001) all demonstrated significantly higher willingness to treat the
person than did the mental health professionals (100 % vs. 93.8 %).

4. Discussion

This study aimed to assess the ability of four advanced AI models to
accurately recognize obsessive-compulsive disorder compared to human
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Fig. 4. Comparison of confidence in EBT recommendation across different
entities
Note: EBT = Evidence-Based Treatment; MHPs = Mental Health Professionals.
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professionals. Additionally, the study assessed the recommended ther-
apies and stigma attributions provided by these Al models. The study
examined the effectiveness of Al tools in recognizing OCD. Significant
differences were found between the mental health professionals and all
Al models. All AI tools demonstrated significantly higher OCD recog-
nition rates than mental health professionals.

These findings point to the potential advantages of Al tools in
vignette-based recognition of OCD. These results, however, do not imply
superiority in clinical practice, where patients often present with atyp-
ical symptoms and comorbid conditions that were not captured in our
vignettes. Further research using real-world patient data is required. All
the AI models also demonstrated higher confidence in their identifica-
tion than the mental health professionals. Whereas the mental health
professionals reported an 87 % confidence rate in their recognition,
ChatGPT-3.5, Claude, and Gemini all reported a 100 % confidence rate.

These findings should be interpreted with caution, as confidence
ratings in simulated vignettes may not directly reflect clinical accuracy
in complex, real-world cases. Consistent with prior work, our findings
suggest that clinicians frequently misidentify OCD presentations, espe-
cially when obsessions involve taboo content, compared to more ste-
reotypical subtypes such as contamination or symmetry (Glazier et al.,
2013, 2015; Perez et al., 2022). In contrast, the Al models in this study
demonstrated higher diagnostic accuracy across vignette-based cases,
echoing the results reported by Kim et al. (2024).

In the current study, the Al models demonstrated significantly higher
evidence-based intervention recommendations than mental health pro-
fessionals. Whereas mental health professionals reported confidence
rates of 61.9 %, ChatGPT-3.5 and Claude reported 100 % confidence,
ChatGPT-4 reported approximately 90 %, and Gemini reported 60 %. In
comparison, confidence in evidence-based treatment recommendations
among the AI models revealed levels of cultural intelligence ranging
from 80 to 100 %, whereas mental health professionals reported 64 %
confidence in evidence-based treatment. This finding supports previous
research on AI languages in mental health care showing that Al
exhibited better results than human samples (Levkovich & Elyoseph,
2023a, Levkovich & Elyoseph, 2023b, Elyoseph & Levkovich, 2024).
Part of the delay between symptom onset and receipt of evidence-based
interventions may be attributed to a lack of healthcare provider
awareness of the diverse symptom presentations of OCD, particularly
those related to taboo thoughts (Thornicroft et al., 2019; Leichsenring
et al., 2019; Dell’Osso et al., 2015). A study examining the diagnostic
impressions and treatment recommendations of primary care physicians
revealed that those who misidentified OCD vignettes were less likely to
recommend empirically supported treatment (Glazier et al., 2015).

In this study, we compared AI models with mental health pro-
fessionals. Our findings revealed significant differences in stigma and
danger estimations regarding the person described in the vignette. All
the LLM models demonstrated significantly lower stigma and danger
estimations than did the mental health professionals. When asked if they
would be willing to treat the person described in the vignettes, both the
Al models and the mental health professionals demonstrated high will-
ingness (AI models 100 % and mental health professionals 93.8 %).
Stigma among the general population can discourage people from
seeking help, and stigma among mental health professionals can be even
more detrimental (Chaves et al., 2022). The behavior and attitude of
mental health providers toward their clients can significantly affect
treatment outcomes (Lauber et al., 2006; Ponzini et al., 2022). Never-
theless, the present study and Canavan’s (2022) study provide encour-
aging data showing low levels of stigma among mental health
professionals. This finding contradicts several studies that reported
higher stigma levels among mental health professionals. Despite the
expectation that clinicians are trained to be free of bias, research in-
dicates that they may hold negative views of individuals with mental
illnesses, mirroring the general public’s views (Kassam et al., 2010;
Lauber et al., 2006).

Previous research has explored the impact of clinicians’ attitudes and
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biases on their professional practice. This research found that stigma
regarding sexual obsessions is significantly greater than regarding
contamination obsessions among adults (Cathey & Wetterneck, 2013).
Additionally, Steinberg and Wetterneck (2017) noted that clinicians
hold stronger stigmas toward clients with contamination, harm, and
sexual obsessions than toward those with scrupulous obsessions,
discouraging clients from disclosing these thoughts.

This study represents an initial effort to evaluate and contrast the
utility of various AI models in recognizing and addressing OCD (Kim
et al., 2025; Masoumi, 2025). The empirical findings demonstrate that
Al models exhibited higher accuracy in this vignette-based study than
did human participants. Nevertheless, this advantage requires further
validation with real-world patients presenting atypical symptoms and
comorbid conditions. Inherent biases or insufficient demographic di-
versity within these datasets may result in erroneous predictions (Omar
et al., 2024). Furthermore, the inherently opaque nature of LLM algo-
rithms often obfuscates the underlying mechanisms that drive their
inferential processes. These variations have profound implications for
the identification and reporting of OCD in LLMs. Acknowledging these
disparities and their potential impact on clinical outcomes is paramount
for the ongoing refinement and integration of LLMs into mental
healthcare paradigms. These results underscore the importance of uti-
lizing multiple LLM iterations in a complementary manner rather than
relying exclusively on a single model (Stade et al., 2024).

While intelligent language models offer significant potential as
adjunctive tools for training, support, and expert consultation, it is
imperative to recognize their limitations in clinical practice. These
technologies should not be construed as replacements for skilled clini-
cians who possess the capacity for holistic assessments and nuanced
interpretations of complex clinical presentations. Previous studies have
stressed that the opaque nature of LLMs and their inherent biases may
obscure diagnostic processes and contribute to erroneous predictions
(Omar et al., 2024; Stade et al., 2024; Tornero-Costa et al., 2023).
Accordingly, the integration of LLMs into mental health practices ne-
cessitates a judicious approach that leverages their strengths while
remaining cognizant of their constraints (Gémez-Cabello, 2024; Haber
et al., 2024; Motlagh et al., 2023; Rudolph et al., 2023; Tal et al., 2023).
Ultimately, LLMs should complement rather than replace human clini-
cians, whose expertise, empathy, and ability to provide holistic care
remain irreplaceable (Kassam et al., 2010; Lauber et al., 2006; Thorni-
croft et al., 2019).

Note that the vignettes used in this study focused on common OCD
subtypes and did not include patients with comorbid psychiatric disor-
ders or more unusual idiosyncratic symptom presentations. In clinical
practice, many individuals present with atypical or complex OCD, often
alongside other conditions (Shavitt et al., 2022; Dell’Osso et al., 2015).
Consequently, the present findings should be interpreted with caution
and cannot be directly generalized to such cases (Leichsenring et al.,
2019; Thornicroft et al., 2019). Future research should explore the
performance of AI models when applied to real-world patient data,
including comorbidities and atypical symptomatology.

4.1. Limitations

The current study has some limitations that warrant acknowledg-
ment. First, this study was confined to specific iterations of LLMs at a
particular point in time, without considering subsequent versions.
Future investigations should address this limitation by examining up-
dates and improvements in future versions of these AI models. Second,
the data were compared with those of a representative sample of human
professionals (mental health professionals). Although the sample was
intended to be representative, it did not encompass the full spectrum of
global psychotherapeutic practices. Therefore, the findings may not be
generalizable.

Third, this study utilized case vignettes, which, although valuable
methodologically, have the potential to oversimplify the intricacies of
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authentic clinical situations. Although these vignettes were validated
and used in several articles, they do not encompass the full range of
symptoms and background details present in actual patient cases.
Hence, this methodology has inherent limitations, especially consid-
ering the multifaceted nature of OCD. Moreover, the vignettes reflected
common OCD subtypes and did not include comorbidities or atypical
symptom expressions. Since many patients present with complex and
comorbid forms of OCD (Shavitt et al., 2022; Dell’Osso et al., 2015), the
findings should be interpreted with caution and not generalized directly
to such cases (Leichsenring et al., 2019; Thornicroft et al., 2019).

Another limitation is the possibility of data leakage. LLMs may have
been exposed to vignette materials or similar descriptions during the
pretraining phase and this exposure could partially explain the high
recognition rates. Future research should replicate these findings using
novel and unpublished vignettes. Additionally, note that the measures of
“confidence” and “willingness” do not reflect genuine clinical attitudes,
as LLMs lack the internal states that humans have. These items were
retained because they replicated validated measures used in previous
vignette studies with clinicians, allowing comparability across samples.
In the context of LLMs, however, they serve only as textual proxies for
clinical stance and should therefore be interpreted with caution. A
further limitation concerns the repeated runs of each vignette through
the LLMs, which represent non-independent outputs from the same
models. While such repetitions were included to assess within-model
consistency, they may underestimate variability relative to the fully
independent responses of human clinicians. Finally, the “danger” item
reflects perceived stigma rather than objective clinical risk, as the vi-
gnettes were not designed to depict verifiable levels of potential harm.

Finally, this study did not directly evaluate the clinical accuracy of
large language models (LLMs) compared to human professionals. While
the analysis provides significant insights into the competencies of Al
models, future research should incorporate validation studies to deter-
mine the clinical applicability and dependability of LLM predictions in
practical environments. Moreover, this investigation did not examine
the possible biases within the LLMs.

5. Conclusion

This study evaluated the efficacy of four AI models (ChatGPT-3.5,
ChatGPT-4, Claude, and Gemini) in recognizing OCD and recommend-
ing evidence-based treatments and compared their recognition and
recommendations with those of human professionals. Utilizing six vi-
gnettes depicting clients with OCD, the study found that AI models
significantly outperformed mental health professionals in terms of
recognition rates, confidence levels, and recommendation of appro-
priate interventions. Additionally, the Al models exhibited lower stigma
and danger estimates in OCD cases.

These results underscore the capacity of Al tools to improve OCD
diagnosis and treatment in clinical settings. AI models demonstrated
higher confidence and more consistent recognition of OCD across
various subtypes, including those related to taboo-intrusive thoughts,
which often pose a challenge for human professionals. The results
indicate that Al tools have the potential to enhance the precision and
promptness of OCD diagnosis and treatment in clinical practice.

Nevertheless, it is crucial to acknowledge that Al should comple-
ment, not replace, human professionals. While Al can provide diagnostic
support and treatment recommendations, the nuanced understanding,
empathy, and knowledge that trained psychologists offer are irreplace-
able. Future research should explore the integration of Al into clinical
workflows and address ethical, privacy, and cultural considerations to
maximize AI’s benefits in mental healthcare.
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