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Abstract
As mental health issues continue to rise globally, there is an increasing demand for accessible and scalable
therapeutic solutions. Many individuals currently seek support from Large Language Models (LLMs), even though
these models have not been validated for use in counseling services. In this paper, we evaluate LLMs’ ability to
emulate professional therapists practicing Cognitive Behavioral Therapy (CBT). Using anonymized, transcribed
role-play sessions between licensed therapists and clients, we compare two approaches: (1) a generation-only
method and (2) a Retrieval-Augmented Generation (RAG) approach using CBT guidelines. We evaluate both
proprietary and open-source models for linguistic quality, semantic coherence, and therapeutic fidelity using standard
natural language generation (NLG) metrics, natural language inference (NLI), and automated scoring for skills
assessment. Our results indicate that while LLMs can generate CBT-like dialogues, they are limited in their ability to

convey empathy and maintain consistency.
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1. Introduction and Related Work

Mental health disorders are increasingly prevalent,
highlighting a significant need for accessible dig-
ital interventions to compensate for the shortage
of psychologists and counselors capable of provid-
ing therapeutic support.” As individuals become
more inclined to express their concerns through
online tools rather than engaging in face-to-face
therapy (Lucas et al., 2014; Haensch, 2025), there
is growing interest in the potential of generative Al
chatbots for facilitating the delivering of therapy. Al-
though recent studies have reported a positive shift
in attitudes towards using Large Language Mod-
els (LLMs) for mental health support (Haensch,
2025), many of these models were not specifically
designed for therapeutic applications® and have
not been validated for offering counseling services.

The development of dialog systems for emotional
support has also gained attention, with researchers
focusing on creating frameworks that enable these
systems to provide empathetic and effective inter-
action (Liu et al., 2021; Kang et al., 2024). These
systems aim to offerimmediate, accessible support,
serving as a complementary resource alongside
traditional therapeutic practices. However, previ-
ous studies have also shown that LLMs are prone

Disclaimer: this study does not support or endorse
the use of LLMs in therapeutic practice.
'https://www.who.int/news/item/17-06-2022-who-
highlights-urgent-need-to-transform-mental-health-and-
mental-health-care
2https://thehemingwayreport.beehiiv.com/p/research-
report-mental-health-in-an-ai-world

to expressing stigma towards people with mental
health conditions (Moore et al., 2025), and that they
respond inappropriately in certain situations, and
encourage clients’ delusional thinking, most likely
due to their training, which tends to promote high
agreeableness (Hartley et al., 2025).

With the increasing interest in leveraging tech-
nology to enhance psychological counseling (Na
et al., 2025), much of the existing literature has
focused on specific therapeutic tasks, such as cog-
nitive reframing techniques. These techniques aim
to address cognitive distortions and promote a shift
from negative thought patterns to improve mental
health outcomes (de Toledo Rodriguez et al., 2021;
Chen et al., 2023; Sharma et al., 2023). Previous
studies have also presented established bench-
marks to assess LLM performance in Cognitive
Behavioral Therapy (CBT), examining factors such
as knowledge acquisition, classification of cogni-
tive distortions and beliefs, and the generation of
therapeutic responses (Zhang et al., 2025). The
findings indicate that while these models exhibit
knowledge of cognitive processes, particularly in
question-answering scenarios, they generally do
not perform at the same level as mental health ex-
perts in most generative tasks. Few efforts have
investigated the use of LLMs specifically for deliver-
ing therapy (Lee et al., 2024; Na, 2024). However,
most studies rely on synthetic datasets (Lee et al.,
2024; Qiu et al., 2024; De Duro et al., 2025; Man-
dal et al., 2025; Abbasi et al., 2025) rather than
authentic therapist dialogues (Puspo et al., 2026),
leaving open questions about linguistic fidelity and
therapeutic alignment.
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To address this gap, our paper proposes a com-
prehensive evaluation of LLMs in the context of
CBT, a widely recognized and effective form of
psychotherapy for a range of mental health con-
ditions, including depression, anxiety, obsessive-
compulsive disorder, and various forms of addic-
tion (David et al., 2018). We compare two distinct
methodologies for providing CBT via LLMs: one
that leverages existing CBT knowledge without ex-
ternal augmentation, and another that employs a
Retrieval-Augmented Generation (RAG) approach.
This dual approach enables us to evaluate the ex-
tent to which LLMs can generate responses that
resemble those of professional therapists in multi-
turn dialogues. While previous studies have gen-
erated synthetic CBT sessions, the multi-turn in-
teractions in these sessions are generally shorter
than those observed in real-life counseling (Lee
et al., 2024). To address this issue, we use data
from real counseling sessions conducted by pro-
fessional therapists. Our goal is to evaluate how
closely utterances generated by LLMs resemble
those of professional CBT therapists in multi-turn
dialogues.

The contributions of our study include a thorough
comparison of generation-only and RAG methods
and a comprehensive analysis of generated re-
sponses alongside responses from mental health
professionals. Our analysis uses various metrics to
evaluate both natural language generation (NLG)
and therapeutic effectiveness. This includes as-
sessments for natural language generation, natural
language inference (NLI), and automated scoring
for general counseling and CBT-specific skills as-
sessment.

The paper aims to answer the following research
questions:

RQ1 To what extent can LLMs linguistically and
semantically emulate professional therapists in
CBT sessions, as measured by natural language
generation and inference metrics?

RQ2 Does RAG improve the linguistic quality, se-
mantic coherence, or therapeutic fidelity of LLM-
generated CBT responses compared to generation-
only methods?

RQ3 How effectively do LLMs demonstrate gen-
eral counseling skills (e.g., understanding, inter-
personal effectiveness, and collaboration), CBT-
specific competencies (e.g., guided discovery, fo-
cus, and strategy) and empathy relative to human
therapists?

Through this exploration, we aim to provide a
deeper understanding of LLMs’ capabilities in deliv-
ering CBT, as many individuals increasingly rely on
these models for mental health support. We aim

to contribute to a clearer understanding of LLMs’
potential and limitations in mental health care.

2. Methodology

We evaluate two methods for delivering CBT based
on LLMs: (1) a generation-only approach and (2)
retrieval-augmented generation approach. Both
methods are assessed using transcribed role-
play sessions between professional therapists and
clients.

2.1. Data Collection

Metric Value
Client-Therapist Sessions

Total sessions 17
Avg. conversation length 39 turns
Max. conversation length 74 turns
Min. conversation length 13 turns
Avg. utterance length 28.97 words
Max. utterance length 464 words
Min. utterance length 1 word
Guideline Sessions

Total sessions 26

Avg. length 127.11 words

Table 1: Summary statistics of the collected data
for the client-therapist sessions and the guidelines
sessions.

Because authentic therapy transcripts are rarely
public due to privacy constraints, we collected 17
role-played CBT sessions from publicly available
YouTube channels run by licensed professionals.
Clients were portrayed by actors, ensuring no real
patient data was used. We aimed to gather a com-
prehensive set of video-based therapy sessions,
meticulously reviewing each video to extract con-
versational data. In addition, 26 therapist tutorial
sessions explaining CBT principles were collected
for use as retrieval guidelines.

Transkriptor® was used to transcribe the therapy
sessions. After transcription, each transcript was
evaluated by two annotators who compared the text
with the corresponding audio recordings. While
most transcripts were accurate, minor discrepan-
cies were corrected through mutual agreement be-
tween the annotators. In addition, the dataset un-
derwent thorough preprocessing and anonymiza-
tion to remove any personally identifiable informa-
tion. Finally, the data was converted into a TREC-
iKAT.json-like structure (Aliannejadi et al., 2024) for
seamless integration into the RAG pipeline.

Shttps://transkriptor.com/

4748


https://transkriptor.com/

The 17 counseling sessions had an average con-
versation length of 39 turns, with each utterance
averaging about 28.97 words. The shorter guide-
line sessions had an average length of 127 words
and covered various aspects of CBT, including goal
setting during sessions, mood checks, and address-
ing different client behaviors. A detailed summary
of the dataset statistics is presented in Table 1.

2.2. Generation Approaches

We evaluate two approaches to generate appro-
priate utterances for the therapy sessions. The
first approach is a generation-only method, mo-
tivated by previous research showing that LLMs
already possess knowledge of CBT techniques
(Zhang et al., 2025). The second approach is a
retrieval-augmented generation approach, which
utilizes information from the guideline sessions.

The generation-only approach uses the following
prompt:

You are a psychotherapist specialized
in Cognitive Behavioral Therapy (CBT).
You are in a session with a patient.
Each exchange consists of a therapist’s
statement followed by the patient’s
response. Your task is to generate
the therapist’s next utterance, taking
into account the session history.
Your response should be concise,
direct, supportive, and grounded in
CBT principles. Generate only the
therapist’s next utterance. Do not
include previous dialogue, multiple
conversational turns, explanations,
contextual information, or any
meta-commentary.

Conversation: <conversation_history>

\

The RAG approach uses the CBT guidelines and
follows a two-stage pipeline: retrieving the top three
relevant CBT guideline passages based on the con-
versation context, followed by response generation
conditioned on both the conversation history and
retrieved passages. We provide an overview of the
approach in Algorithm 1. Given a conversation his-
tory C between the therapist and the client, we first
extract a context window Clyingow CONtaining the last
w dialogue turns. This window captures the imme-
diate conversational context relevant to the current
interaction. A window size of three dialogue turns
was empirically chosen for optimal context balance.
The extracted context window is then encoded into
a query representation. Let G = {g1,92,...,9c/}
denote the CBT guideline corpus. Using dense
retrieval, we retrieve the top-k most relevant guide-

Algorithm 1: Therapist Response Genera-
tion via Retrieval-Augmented Prompting

Input: Conversation history C, guideline
corpus G, number of retrieved
guidelines k, window size w

Output: Generated therapist response Rgen

1 Extract recent window: C\ingow < last w
turns from C,
Encode query from Cuyindow:
q <+ Encode(Cuwindow);
Retrieve top-k relevant guidelines:
Ghiop < DenseRetrieve(q, G, k);
4 Construct prompt P by concatenating:;
5 Instructions text;
6 Retrieved guidelines Gigp;
7 Context window Cyindow;
8
9

N

(%]

Generate response: Rgen < LLM(P);
return Rgyen;

line passages (G:.p) With respect to the query. To
generate the response, we construct the prompt P
by concatenating the (1) task-specific instruction
text, (2) the retrieved guideline passages (Giop),
and (8) the context window (Cyingow)- The prompt
P is then provided to the LLM, which generates a
suitable response Rgen.

We use both proprietary and open-source mod-
els for generation, including GPT-40-mini (Menick
et al., 2024), LLama3 8B (Dubey et al., 2024), Mis-
tral 7B (Jiang et al., 2023), Gemma 7B (Team et al.,
2024), and Qwen 7B (Bai et al., 2023).

2.3. Evaluation

To comprehensively assess LLM performance, we
employed three complementary evaluation dimen-
sions: linguistic quality and similarity to the ther-
apist’s original responses, semantic consistency,
and therapeutic and CBT-specific skills. Each of
these dimensions captures a distinct aspect of what
constitutes effective therapy.

Text generation metrics The evaluation of gen-
erated responses is typically conducted using vari-
ous text generation metrics (Na, 2024; Kang et al.,
2024). We assess metrics that measure the lexi-
cal overlap between generated utterances and the
therapists’ reference responses, such as BLEU (Pa-
pineni et al., 2002), ROUGE (Lin, 2004), and ME-
TEOR (Banerjee and Lavie, 2005). In addition, we
use BERTScore (Zhang et al.), which measures
semantic similarity. We also consider Distinct-1 (Li
et al., 2016), which measures the diversity in lan-
guage generation tasks. However, these measures
have inherent limitations, as they may allow mod-
els to produce text that is contextually relevant but
differs from the responses provided by therapists.
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Semantic consistency was assessed using nat-
ural language inference techniques to evaluate con-
tradictions and coherence. Building on previous
research (Chim et al., 2024; Laurer et al., 2024),
we employed a DeBERTa V3 large model that has
been fine-tuned for NLI.* This model is used to
determine whether the generated response is con-
sistent with or contradicts the original response
given by the therapist. Consistency is defined as
the absence of contradiction. Since generated re-
sponses may consist of multiple sentences, we
adopt the approach used by Chim et al. (2024) and
average the maximum contradiction probabilities
of the generated sentences from each utterance.

Therapeutic skills evaluation was conducted
to assess general counseling skills, CBT-specific
skills, and empathy. Recent research indicates
that evaluating natural language generation using
LLMs closely aligns with human evaluations and
is increasingly used for this task (Chiang and Lee,
2023; Lee et al., 2024; Kim et al., 2025). For the
evaluation of general and CBT skills, we adopt
the methodology outlined by Lee et al. (2024).
The authors adapted GPT-40 to conduct evalua-
tions based on the Cognitive Therapy Rating Scale
(CTRS)®, which showed a high correlation between
the model’s predictions and expert manual eval-
uations. CTRS is a tool designed to assess the
CBT skills of therapists, focusing on specific gen-
eral and CBT skills. The evaluation described by
Lee et al. (2024) measures a subset of the CTRS
that can be applied to text-based settings. The gen-
eral skills assessed include understanding (e.g.,
how accurately the therapist comprehends the pa-
tient’s situation), interpersonal effectiveness (e.g.,
the therapist’s ability to communicate effectively
and maintain a positive, professional relationship
with the client), and collaboration (e.g., the thera-
pist’'s capacity to work effectively with the client).
The CBT-specific skills evaluated include guided
discovery (e.g., the therapist’s ability to explore the
client’s problems and help them draw their own
conclusions), focus (e.g., the therapist’s ability to
concentrate on cognitions and behaviors relevant
to the issue), and strategy (e.g., the therapist’s abil-
ity to implement a consistent strategy for change
using CBT techniques). Each of these categories
is assigned a score ranging from 0 to 6, in accor-
dance with the guidelines provided by the CTRS
tool. We used the same evaluation methodology
for CTRS categories that was previously validated
by Lee et al. (2024), using GPT-40 to assess the
generated responses.

*https://huggingface.co/MoritzLaurer/DeBERTa-v3-
large-mnli-fever-anli-ling-wanli

Shttps://beckinstitute.org/wp-
content/uploads/2021/06/CTRS-Full-Documents.pdf

The final measure in our evaluation focuses on
empathy, which we consider a vital component of
the therapeutic alliance (Feller and Cottone, 2003).
The therapeutic alliance refers to the collaborative
bond between the therapist and the client, char-
acterized by a strong emotional connection and a
mutual understanding of treatment goals and tasks.
This alliance is closely linked to the effectiveness
of therapy (Feller and Cottone, 2003). To evalu-
ate empathy, we use the framework developed by
Sharma et al. (2020), which specifically assesses
empathy using a threefold approach that consid-
ers emotional reactions, interpretations, and explo-
rations. Emotional reactions (e.g., / am sorry you
are going through...) relate to affective empathy
and help communicate emotions such as warmth
and compassion, which are essential for building
the therapeutic relationship. Interpretations (e.g., /
understand how you feel...) are connected to cog-
nitive empathy, indicating that the therapist com-
prehends the client’s feelings. This understanding
further enhances the therapeutic alliance. The last
component, explorations (e.g., Are you feeling...?),
is used to probe the client’s feelings further. We
evaluate these measures of empathy on a scale of
0to 2.

3. Results

In this section, we present the results of our eval-
uation of the proprietary and open-source models
for linguistic quality, semantic coherence, and ther-
apeutic fidelity using standard natural language
generation metrics, natural language inference met-
rics, and automated scoring for general and CBT-
specific skills assessment.

In Table 2, we present the results in terms of
BLEU, ROUGE, METEOR, BERTScore, Distinct-
1, and natural language inference metrics, Mean
Consistency, and Maximum Contradictions. In
terms of linguistic similarity and semantic align-
ment, GPT-40-mini and its RAG version achieve
the strongest overall performance in terms of lexical
overlap and semantic similarity, most closely resem-
bling human therapists. GPT-40-mini; achieves
the highest scores in terms of ROUGE-1 (17.05),
and BERTScore (85.82), and the second-highest
METEOR score (17.10).

The small improvement offered by the RAG ap-
proach suggests that these models already encode
substantial CBT-related knowledge, aligning with
prior findings (Zhang et al., 2025). The low BLEU
scores indicate that the text generated by the lan-
guage models has a limited word overlap with the
therapists’ responses used as references. Despite
this, all models achieved high BERTScores, indi-
cating their general ability to capture the meaning
of therapist responses. However, we observe the
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Model BLEUt METEORt ROUGE-1t ROUGE-Lt Flggrrt Mean Consistencyt Max Contradiction | Distinct-11

GPT-40-mini 1.21 16.64 16.87 12.11 85.77 93.80 24.64 90.72
GPT-40-mini¢; | 1.31 17.10 17.05 12.20 85.82 92.56 26.46 89.97
LLama3 8B 1.10 15.11 16.04 11.08 85.05 92.98 21.95 90.20
LLama3 8B¢ 0.84 13.39 14.89 10.59 84.77 91.41 21.94 90.67
Mistral 7B 0.71 16.64 14.31 9.40 84.70 93.01 31.61 87.60
Mistral 7B 0.54 16.85 14.27 9.23 84.13 92.71 38.02 83.38
Gemma 7B 0.26 10.09 12.47 10.58 85.34 90.55 20.28 97.70
Gemma 7B¢ 0.29 9.77 12.30 10.14 85.29 91.86 17.46 97.67
Qwen 7B 0.57 17.14 13.43 8.55 83.88 95.17 34.98 82.80
Qwen 7B¢ 0.26 14.43 11.89 7.76 83.50 91.89 42.30 85.36

Table 2: Evaluation of generated utterances using text generation metrics (BLEU, METEOR, ROUGE,
BERTScore, Distinct-1) and NLI metrics (Mean Consistency, and Maximum Contradictions).

Model General Counseling Skills CBT-specific Skills
Understanding Interpersonal Effectiveness Collaboration | Guided Discovery Focus Strategy

GPT-40-mini 3.29 3.76 2.24 3.06 2.47 2.12
GPT-40-minig 3.18 3.53 2.82 3.29 2.82 212
LLama3 8B 2.59 2.82 2.12 2.71 2.24 2.12
LLama3 8Bg 2.00 2.00 2.00 1.88 2.00 2.00
Mistral 7B 3.29 3.65 2.82 3.88 3.06 2.71
Mistral 7B 3.18 3.29 2.35 3.53 2.24 2.12
Gemma 7B 2.35 2.94 2.12 2.47 212 1.88
Gemma 7Bg 2.00 2.71 2.00 2.00 2.00 1.76
Qwen 7B 3.53 3.76 2.24 3.88 2.71 2.35
Qwen 7B¢ 2.47 2.47 2.00 3.41 2.12 2.00
Therapist 3.88 4.35 3.18 3.41 3.53 3.29

Table 3: Evaluation of general counseling and CBT-specific skills.

greatest differences in consistency, contradiction,
and diversity: Qwen 7B demonstrates the high-
est logical consistency with therapist intent, shown
in the high score in Mean Consistency (95.17),
whereas Gemma 7B achieved the lowest contra-
diction score (17.46) and great linguistic diversity
(97.67).

In Table 3, we present the results of the evalua-
tion of general counseling and CBT-specific skKills.
We present results for general counseling skills,
including understanding, interpersonal effective-
ness, and collaboration, as well as CBT-specific
skills, such as guided discovery, focus, and strat-
egy. All models underperform relative to the human
therapist baseline, particularly in areas requiring
adaptive reasoning and nuanced judgment. Re-
garding general counseling skills, human therapists
demonstrate a better understanding of their clients’
issues and concerns. They are more successful in
maintaining a positive therapeutic relationship (in-
terpersonal effectiveness) and in engaging clients
collaboratively in goal-setting and decision-making.
Although some models replicate the structural el-
ements of CBT dialogue, they lack the contextual
sensitivity needed for effective therapeutic engage-
ment. Human therapists tend to score higher in
identifying and addressing client behaviors that re-
quire improvement (focus), as well as in following
strategies to promote change in these problem-
atic behaviors (strategy). Notably, the only area
in which the LLMs scored higher in therapy skills
is guided discovery, suggesting that these models

attempt to help clients engage in self-reflection.

In Table 4, we present the results of the empathy
evaluation, in terms of empathetic reactions, ex-
plorations, and interpretations. Most models score
highest in exploration, frequently asking follow-up
questions to probe clients’ emotions. However, this
behavior often becomes excessive, reflecting a pro-
cedural rather than emotionally attuned form of em-
pathy. LLama3 8B scored the highest (1.96) in
terms of explorations, with 2 being the maximum
possible score, suggesting that the model almost
always tries to ask follow-up questions, and explore
the client’s feelings, rather than using other thera-
peutic strategies. Models such as Mistral 7B and
Qwen 7B show greater emotional expressiveness
through empathic reactions. However, even these
responses often rely on formulaic phrasing instead
of demonstrating genuine affective or cognitive un-
derstanding. All LLMs receive very low scores in
one of the most important aspects of empathy: in-
terpretations. This aspect is related to cognitive
empathy, which refers to the therapist’s ability to un-
derstand the client’s emotions. While LLMs seem
to excel at simulating affective empathy through
empathetic reactions, they show limited evidence
of cognitive empathetic responses.

Based on the results presented in this section,
we can respond to our research questions:

RQ1 Our results indicate that LLMs can emu-
late professional therapists, with GPT-40-mini and
its retrieval-augmented variant achieving the high-
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Model

Empathetic Reactions Explorations

Interpretations

GPT-40-mini 0.34 1.94 0.00
GPT-40-minig 0.37 1.95 0.00
LLama3 8B 0.07 1.92 0.01
LLama3 8Bg 0.05 1.96 0.00
Mistral 7B 0.48 0.78 0.01
Mistral 7B 0.41 1.18 0.01
Gemma 7B 0.09 1.53 0.02
Gemma 7B¢g 0.05 1.75 0.00
Qwen 7B 0.59 0.41 0.01
Qwen 7Bg 0.57 0.45 0.01
Therapist 0.18 0.91 0.19

Table 4: Empathy evaluation.

est ROUGE, METEOR, and BERTScore values.
Qwen 7B demonstrated strong logical consistency
while Gemma 7BG achieved the lowest contradic-
tion score, indicating coherent dialogue generation
aligned with the therapist’s intent. However, the
models’ tendency to produce longer, more elabo-
rate responses than human therapists suggests
that, while linguistically fluent, they may lack the
brevity and precision typical of authentic exchanges
during therapy sessions.

RQ2 Our findings suggest that RAG provides lim-
ited improvement over generation-only approaches.
Although the RAG variants of some models, such
as GPT-40-minic and Gemma 7B, achieved
slightly higher scores on some text generation met-
rics, these gains were minimal. The results suggest
that LLMs already possess sufficient CBT-related
knowledge, enabling them to generate contextu-
ally coherent and semantically aligned responses
without requiring external information.

RQ3 The human therapist baseline consistently
outperformed all models in terms of general and
CBT-specific skills. Regarding empathy, even if
some LLMs scored high in explorations, suggest-
ing that the model almost always attempts to ask
follow-up questions, this approach is not effective
in a therapeutic context. All models received low
scores in cognitive empathy, especially in their inter-
pretations, highlighting a gap in their understanding
of client emotions, despite their ability to simulate
affective empathy.

4. Qualitative analysis

In the previous section, we presented only quantita-
tive results regarding the effectiveness of LLMs for
CBT sessions. In this section, we will also provide
a qualitative analysis of the generated responses.
In Table 5, we present two examples of conver-
sations from two different therapy sessions. One
noticeable pattern in the data is that while the ther-

apists’ original utterances are short, the language
models tend to generate more detailed and longer
responses.

4.1. Agreeableness Bias

A manual inspection of the results reveals a pat-
tern of agreeableness bias across several models,
consistent with findings by Salecha et al. (2024)
that large language models tend to produce overly
affirming responses. Examples from GPT-40-mini
(“Absolutely, your feelings and decisions should be
what matter most”, "Absolutely, it's important to rec-
ognize that your relationship should be defined by
what works for both of you, not by arbitrary stan-
dards.”) and Qwen 7B (“Absolutely. It's important to
base our thoughts and beliefs on reality rather than
just what we fear might be true”) illustrate how the
models often respond with enthusiastic validation
rather than critical exploration. Similarly, phrases
such as “It's completely understandable to feel that
way,” frequently produced by Mistral 7B, Qwen 7B,
and GPT-40-mini variants, demonstrate a tendency
toward reassurance. While these responses con-
vey warmth and support, they reflect surface-level
empathy that reinforces rather than explores the
client’s perspective (Curry and Curry, 2023). Al-
ways agreeing with clients’ views does not encour-
age them to examine and reframe their thoughts,
which is an important part of CBT (Sharma et al.,
2023).

4.2. Code-switching

Another issue in response generation is that Qwen
7B sometimes produced bilingual output (e.g., par-
tial Chinese sentences), indicating inconsistencies
in encoding: “Remember thatf& (L 15 EHBITH8A
B AR AN AL R A - (En: “Remember that
simplifying information helps us better understand
and deal with problems.”), “In the next session, let’s
practice some cognitive restructuring techniques
where you'll be able to reframe yourfH finto more
adaptive ones.” (En: “In the next session, let’s prac-
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Session A — Conversation History

Session B — Conversation History

& Therapist: Did you really eat nothing at all?

% Client: Yeah.

& Therapist: Can you tell me more about why that
day was challenging? Was there anything happening
around that time?

& Client: It has been quite busy at school because
we have our exams coming up, and we even had a
test scheduled for the following day. | was feeling a bit
worried about it, so | tried to focus on studying instead.

©
Qﬂ Therapist: His sense of hopelessness is rooted in
a lot of reality.

g Client: Yes, exactly.

& Therapist: While you're doing this work daily, do
you think there’s any hope at all?

& Client:Certainly. | have faith that there is always
some form of hope. | believe in resilience. | think once
you tap into it, you can accomplish almost anything.
However, it can be challenging to navigate through the
various layers that define this generation of children. It
can be exhausting.

Expert and Generated Therapist Replies

& Therapist: Were you feeling anxious about the up-
coming exam? Was there anything else worrying you?

G)] GPT-40-minig: It makes sense that preparing for
exams could create a lot of stress. How do you typically
manage that worry, and what strategies could help you
feel more balanced during busy times like this?

@ LLaMA3 8B.: Can you tell me more about what
was going through your mind during that test, and how
it affected your mood on that day?

I#i Mistral 7B¢: Can you identify the key issues that
might make it difficult for you to talk to your father this
week? We can work together on strategies to address
these challenges.

¥ Gemma 7B: It sounds like the exams were really
weighing on you. Can you tell me more about how that
was making you feel?

7 Qwen 7B¢: That makes sense. That makes sense.
It sounds like you were feeling overwhelmed by both
your upcoming exam and the potential for conflict with
your family during the holiday season. Can you tell
me more about how you’re planning to manage these
emotions? Have you tried any coping strategies in the
past?

Q%@ Therapist: It's difficult to get through.

G)] GPT-40-minig: It's powerful that you believe in re-
silience and hope despite the challenges. What strate-
gies or approaches have you found effective in helping
kids tap into that resilience?

@ LLaMAS3 8B.: As | reflect on this situation and
its relation to my own sense of hope, I'm struck by
the resilience you mentioned earlier. It's remarkable
how you continue to believe in the potential for positive
change despite the challenges you're facing with this
generation of kids. Can you tell me more about what
drives your passion for this work, even when it feels like
an uphill battle?

I Mistral 7B¢: | appreciate your insight about the
challenges you face with this generation of kids. It's
important to recognize the resilience within them and
ourselves. Let’s focus on finding ways to tap into that
resilience effectively. Can we explore some strategies
for maintaining hope while addressing these layers in a
manageable way?

< Gemma 7B¢: What makes you feel hopeful despite
those challenges?

7 Qwen 7B¢: It’s clear that you have been doing a
lot of self-reflection and work on resilience. That's an
excellent start. Regarding identifying your negative core
beliefs, it's important to proceed at a pace that feels
comfortable for you. If trying to evaluate these beliefs
too early causes distress, we can certainly adjust our
approach. [...] Remember, therapy is about taking small
steps and making progress over time. Let’s continue
this process together.

Table 5: Conversation samples from two different CBT sessions and generated replies from the LLMs.
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tice some cognitive restructuring techniques where
you’ll be able to reframe your concerns into more
adaptive ones.”).

5. Conclusion and Future Work

In this paper, we show that LLMs have the po-
tential to replicate certain elements of Cognitive
Behavioral Therapy, particularly in terms of lin-
guistic coherence and supportive tone. How-
ever, they have notable limitations in general ther-
apeutic skills, CBT-specific skills, and empathy.
Retrieval-augmented generation shows limited im-
provement, suggesting that LLMs possess suffi-
cient CBT-related knowledge to generate contextu-
ally coherent, semantically aligned responses with-
out the need for external information. These results
indicate that while LLMs show promising linguistic
and structural competence in simulating CBT and
mimicking the language of a CBT therapist, they
do not replicate the nuanced therapeutic skills of
human therapists that are essential for achieving
positive therapeutic outcomes. In future research,
we aim to investigate LLMs’ ability to respond to
clients and potential users from diverse cultural
backgrounds. Previous studies have shown that
emotional nuances can differ across populations in
therapeutic settings (Abbasi et al., 2025), and that
the expression of mental health distress can also
vary across different cultures (Bucur et al., 2026).

Limitations

This study has several limitations that should be
acknowledged. First, the dataset used in our eval-
uation is relatively small, consisting of a limited
number of role-played CBT sessions. Although this
dataset provides valuable initial insights, it does
not capture the full diversity of therapeutic contexts
or client presentations. In future work, we plan to
expand our dataset by collecting a larger and more
varied sample of authentic and simulated therapy
dialogues to enhance the robustness and general-
izability of our findings.

Second, while we employed automated evalu-
ation methods validated in prior research for as-
sessing therapeutic skills (Lee et al., 2024) and
empathy (Sharma et al., 2020), these approaches
cannot fully replace manual evaluation by expert
CBT practitioners. Expert human judgment is nec-
essary to capture the subtle nuances of empathy
and therapeutic reasoning that automated metrics
may overlook. Therefore, future studies should in-
corporate expert evaluations to supplement quanti-
tative analyses and provide a more comprehensive
assessment of model performance.

Lastly, we evaluated the performance of small-
scale language models, specifically those with 7-8B

parameters, and GPT-40-mini, due to our limited
computational resources. Our findings suggest
that while these models can generate contextually
coherent responses that resemble CBT, they still
do not match the skills demonstrated by human
therapists. In future work, we plan to assess larger
models to determine if the results are consistent.
Despite these limitations, we believe this paper
represents an important first step toward system-
atically evaluating LLMs in CBT contexts. By com-
bining linguistic, semantic, and therapeutic dimen-
sions, our work lays the groundwork for large-scale
assessments of Al-assisted psychotherapy.

Ethical Considerations

All data were derived from publicly available, non-
clinical role-play sessions. This research does not
endorse the use of LLMs in psychotherapy. We
emphasize that LLM-based counseling tools must
include clear disclaimers, human oversight, and
rigorous safety validation before being deployed,
due to risks such as hallucination, reinforcement of
cognitive distortions, and inappropriate emotional
responses.
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