
Stage-Aware Therapeutic Support in Cognitive Behavioral 
Therapy with Large Language Models

Aijia Yuan† 
 Department of Operations and 

Decision Technologies 
 Indiana University 

 Bloomington, IN, USA 
 yuana@iu.edu 

Edlin Garcia 
 Department of Health and 

Wellness Design 
 Indiana University 

 Bloomington, IN, USA 
 eggarcia@iu.edu 

 

 

 

Jianna Hur 
 Department of Operations and 

Decision Technologies 
 Indiana University 

 Bloomington, IN, USA 
 jhur06@iu.edu 

Yang Gao 
 Department of Operations and 

Decision Technologies 
 Indiana University 

 Bloomington, IN, USA 
 gaoyang@iu.edu 

Sagar Samtani 
 Department of Operations and 

Decision Technologies 
 Indiana University 

 Bloomington, IN, USA 
 ssamtani@iu.edu

ABSTRACT 
Mental health disorders remain a leading cause of disability 
worldwide, creating sustained demand for accessible care. 
Cognitive Behavioral Therapy (CBT) is widely recognized as the 
gold standard in psychotherapy for addressing both clinical 
disorders and everyday stressors, yet many patients discontinue 
treatment early due to insufficient support between sessions when 
therapists are unavailable. Strengthening inter-session support is 
therefore essential for maintaining continuity of care in ways that 
are clinically aligned and socially accessible. This study introduces 
a stage-aware large language model framework designed to 
complement human therapy by generating responses that align with 
CBT principles and therapeutic structure across the early, middle, 
and late stages of treatment. The framework integrates two key 
components: (1) a synthetic data generation strategy that closely 
follows CBT guidelines while modeling inter-session continuity by 
explicitly linking prior action plans and therapeutic progress to 
subsequent prompts, thereby generating CBT dialogues across 
different stages of treatment; and (2) a stage-aware supervised fine-
tuning (SFT) process that adapts a large language model using these 
generated dialogues to better capture CBT-oriented communication 
patterns and therapeutic interactions associated with different 
stages of treatment. Our evaluation against prevailing general-
purpose and mental health-specific LLMs demonstrates that the 
proposed framework achieves the strongest overall linguistic 
performance, including the highest BERTScore F1 (0.8982), 
indicating improved lexical and semantic alignment with reference 
CBT responses. Additional therapeutic quality evaluation using 
fidelity-related measures derived from the Cognitive Therapy 
Rating Scale further suggests that the generated responses align 
well with CBT-oriented therapeutic principles across treatment 
stages. Overall, this study demonstrates the importance of stage-
aware therapeutic modeling for generating more therapeutically 

aligned responses in AI-enabled mental health systems for inter-
session support. 

CCS CONCEPTS 
• Computing methodologies → Artificial intelligence → Natural 
language processing → Natural language generation. 
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1 Introduction 
Mental health disorders remain among the leading causes of 
disability, affecting more than one billion people globally [50]. 
According to the WHO, the global median number of mental health 
workers is only 13 per 100,000 people. These conditions are also 
associated with worsened physical health, reduced productivity, 
and diminished quality of life, and impose a substantial economic 
burden, costing the global economy an estimated US$1 trillion 
annually due to depression and anxiety alone [7]. In severe cases, 
mental health challenges can contribute to self-harm and suicidal 
behaviors [25, 26]. These trends underscore the urgent need to 
expand access to mental health therapy. Individuals seek therapy 
for a wide spectrum of challenges, including clinical disorders such 
as depression and anxiety to common life stressors including 
relationship difficulties, work or academic burnout, grief, and 
major life transitions [3]. These stressors often overlap with clinical 
symptoms, creating complex therapeutic needs that require 
structured, emotionally responsive, and ethically grounded care.  

Cognitive Behavioral Therapy (CBT) is the most widely adopted 
psychotherapeutic approach for addressing both clinical and 



 
 

 
 

nonclinical mental health concerns [8, 12]. It provides a structured, 
goal-oriented treatment process that progresses through early, 
middle, and late stages [9]. This progression allows therapists to 
guide patients from identifying initial problems to restructuring 
maladaptive thoughts and ultimately developing strategies for 
relapse prevention through a collaborative process delivered in an 
empathetic, inclusive, and humanistic manner [4]. 

CBT has been highly effective in controlled clinical environments. 
However, many patients discontinue treatment prematurely, often 
before reaching the middle and late stages where the most 
significant therapeutic progress occurs [6]. A primary reason for 
early dropout is insufficient engagement between therapy sessions. 
Intersession work refers to the time when patients extend their 
therapeutic experience by practicing CBT skills, reflecting on their 
thoughts, and maintaining engagement with CBT principles [5]. 
However, when patients do not feel emotionally supported outside 
formal appointments, the continuity of treatment weakens, thereby 
diminishing motivation to continue [15, 44]. This challenge is 
further intensified by a widespread shortage of therapists, which 
restricts access to individualized care and limits opportunities for 
consistent follow-up outside scheduled sessions [34]. 

Traditionally, intersession support has relied on therapist check-ins, 
follow-up calls, and reflective or behavioral homework 
assignments [38]. They have been shown to improve outcomes and 
reduce dropout, but they are highly dependent on therapist 
availability and are labor- and time-intensive, making them 
difficult to sustain on a large scale and limiting equitable and 
socially accessible care. Digital tools such as journaling apps and 
rule-based chatbots have been developed to provide automated 
support between sessions [51]. While these tools offer convenience 
and accessibility, they often rely on static scripts that cannot adapt 
to a patient’s therapy stage and progression.  

The rapid advancement of large language models (LLMs) offers a 
new opportunity to create scalable, context-aware forms of 
therapeutic support [42]. LLMs can generate coherent, adaptive, 
and empathetic text, making them promising tools to complement 
therapy between sessions, particularly when human therapists are 
unavailable. Recent mental health LLMs have demonstrated 
encouraging performance in conversational support and 
counseling-oriented dialogue generation. However, most existing 
systems remain limited in their ability to model the structured and 
progressive nature of psychotherapy, particularly within CBT. 
Specifically, they often rely on generic counseling datasets that fail 
to capture stage-specific therapeutic progression and continuity 
across sessions. Thus, there is a critical need to build AI systems 
that support stage-aware inter-session therapeutic interactions. 

In this study, we develop a Stage-Aware CBT Large Language 
Model (SA-CBT-LLM) designed to complement human therapy 
through stage-sensitive intersession augmentation. The framework 
integrates two key components:  

1) A stage-aware synthetic data generation strategy that models 
inter-session continuity by explicitly linking prior action plans 
and therapeutic progress to subsequent prompts. Grounded in 

the gold-standard CBT manual, the design produces dialogues 
that reflect therapeutic interactions across the early, middle, 
and late stages of treatment. 

2) A stage-aware supervised fine-tuning (SFT) process that 
adapts a large language model using these generated 
dialogues, enabling the model to generate responses that better 
reflect CBT-oriented communication patterns and therapeutic 
interactions associated with different stages of treatment. 

We rigorously evaluated the proposed SA-CBT-LLM against 
general-purpose and mental health LLMs using both linguistic and 
therapeutic quality evaluation metrics. The remainder of the paper 
is organized as follows. We review CBT, digital mental health, and 
relevant methodological developments. We then identify key 
research gaps and propose research questions. Next, we present the 
proposed framework and discuss the experiment results. Finally, 
we summarize implications and conclude with directions for future 
research. 

2 Literature Review 
We review prior research on CBT, digital mental health systems, 
and large language models for therapeutic support. We further 
discuss recent methodological developments in data generation and 
supervised fine-tuning for mental health LLMs. 

2.1  Cognitive Behavioral Therapy (CBT) 
CBT is widely regarded as the gold standard in psychotherapy, 
offering a goal-oriented framework for treating a wide range of 
psychological concerns [12]. Grounded in the principle that 
maladaptive thoughts influence emotions and behaviors, CBT 
helps clients identify and modify distorted thinking patterns 
through guided reflection and behavioral experimentation [4]. The 
therapeutic process is highly structured and unfolds across multiple 
sessions, with progress built cumulatively over early, middle, and 
late stages. Specifically, the early stage emphasizes problem 
identification and rapport building, the middle stage focuses on 
cognitive restructuring and skill application, and the late stage 
consolidates gains and prepares clients for relapse prevention [9]. 
The structured and progressive nature of CBT highlights the 
importance of stage-aware therapeutic interactions and continuity 
across sessions, particularly within inter-session support systems. 

Prior clinical research has emphasized the importance of 
maintaining therapeutic quality (i.e., fidelity to CBT principles) 
throughout treatment. One commonly used framework for 
evaluating CBT fidelity is the Cognitive Therapy Rating Scale-
Revised (CTRS-R) [2, 16], which provides a structured approach 
for assessing the quality of CBT delivery. The framework evaluates 
11 items, including agenda, feedback, understanding, interpersonal 
effectiveness, collaboration, pacing, guided discovery, focusing on 
key cognitions and behaviors, strategy for change, application of 
CBT techniques, and action plan. Among these, Action Plan 
remains particularly important across all treatment stages because 
CBT emphasizes continuity of learning between sessions through 



 
 

 

homework assignments and real-world behavioral application. 
Each session therefore builds upon prior therapeutic progress and 
planned activities from previous sessions. The CTRS-R can 
therefore serve as a useful reference for assessing therapeutic 
characteristics in generated responses. 

2.2  Digital Tools for Mental Health and Inter-
Session Support 

Digital tools for mental health have evolved substantially, 
expanding access to therapeutic support beyond traditional in-
person sessions. Early systems primarily consisted of teletherapy 
modules, such as online courses and scheduled video sessions 
designed to replicate the structure of therapy in a virtual format 
[47]. Human-in-the-loop platforms, such as BetterHelp, Talkspace, 
and Grow Therapy [21], connect users with licensed clinicians who 
provide therapy via text, phone, or video. Although these tools 
improve accessibility, their reliance on human therapists limits 
scalability and makes continuous, on-demand support difficult to 
provide. This limitation motivated the development of automated 
digital support tools, including early CBT applications and rule-
based conversational agents [43]. While these systems 
demonstrated the feasibility of delivering structured therapeutic 
content, their reliance on predefined scripts limited adaptability and 
reduced their ability to handle the complexity of real mental health 
conversations. More recently, advances in generative AI have 
enabled LLM-based mental health systems, such as Yuna and 
Wysa, as well as research prototypes built on models like GPT and 
LLaMA [55]. These systems can generate more adaptive and 
empathetic responses, demonstrating AI’s potential to complement 
human-delivered therapy [33]. 

However, despite these advancements, there has been limited 
progress in developing systems that provide effective inter-session 
support to help clients apply therapeutic principles between 
scheduled sessions. Most prior work in this stream has focused on 
depression and anxiety, employing digital modules, mobile apps, 
or chatbots [18, 49, 52]. These empirical studies suggest that digital 
systems can enhance CBT continuity and patient engagement 
between sessions. Yet, most research evaluates existing 
applications rather than proposing frameworks for stage-aware 
inter-session augmentation. In addition, evaluations often rely on 
outcome-based metrics such as attendance, engagement levels, or 
symptom reduction (e.g., PHQ-9 scores) rather than process-
oriented measures that reflect the quality of therapeutic interactions 
[27, 54]. While outcome measures remain important, maintaining 
therapeutic quality is also central to effective CBT, particularly 
given its emphasis on structured cognitive and behavioral 
progression over time [19]. 

2.3  LLMs for Mental Health 
LLMs have been an attractive proposition for mental health 
applications, as they can flexibly adapt to user context and 
potentially sustain ongoing support between sessions. Most 
existing systems focus on general mental health support, primarily 
addressing depression, anxiety, stress, crisis intervention, or 

psychoeducation rather than being specifically tailored for 
structured CBT sessions [1, 10, 13, 14, 20, 22, 24, 36, 39, 40, 45, 
53, 56]. The underlying models are predominantly based on the 
GPT and LLaMA families. Training datasets commonly consist of 
counseling question-answer pairs, therapist-client dialogues, crisis 
intervention resources, and other mental health corpora, typically 
containing hundreds to several thousand examples. Although some 
studies leverage substantially larger datasets derived from social 
media platforms or online support communities, these sources are 
often not clinically grounded and may not adequately reflect the 
structured nature of psychotherapy. Nearly all existing systems 
function as stand-alone tools, such as chatbots or text-analysis 
models, designed for single interactions rather than continuous 
inter-session support. As a result, these systems typically lack 
stage-aware mechanisms that account for therapeutic progression 
across early, middle, and late sessions, which is essential for 
modeling CBT dynamics over time. For evaluation, most studies 
rely on either technical natural language processing (NLP) metrics 
(e.g., BLEU, ROUGE, BERTScore) or domain-specific measures 
such as empathy and helpfulness [55], depending on their specific 
focus. 

In terms of methodology, prior work commonly involves collecting 
or generating counseling data, with supervised fine-tuning (SFT) 
approaches to adapt pretrained LLMs to mental health contexts. 
Existing counseling datasets are often derived from domain 
expertise or patient-therapist interactions and are typically limited 
in scale. In addition, many studies employ parameter-efficient fine-
tuning approaches, such as LoRA or QLoRA, to adapt pretrained 
LLMs for mental health dialogue generation. More details 
regarding data generation and SFT are discussed next. 

2.3.1 Data Collection and Synthetic Data Generation. Data 
collection remains a core challenge in LLM-based therapy 
modeling due to the limited availability of structured therapy 
transcripts and the ethical constraints associated with collecting real 
patient data, particularly data containing personally identifiable 
information (PII) [23]. In domains where privacy is essential, such 
as healthcare, synthetic data generation has emerged as a promising 
alternative [17]. It uses LLMs to produce training data that emulate 
real-world therapeutic exchanges. Synthetic data generation 
typically involves defining system instructions and user prompts 
that specify the clinical intent and then prompting the model to 
generate structured outputs, such as therapy dialogues [41]. Prior 
work has explored several prompting strategies for this purpose 
[32]. Zero-shot prompting relies solely on task instructions without 
examples but often produces overly generic responses. One-shot 
prompting introduces a single example to guide tone and structure, 
while few-shot prompting incorporates multiple examples to 
enhance consistency and coherence. More recently, topic-
controlled prompting has been applied to produce samples 
grounded in context-driven themes and scenarios [32]. In our 
context, this approach can enable large-scale, clinically relevant 
data generation to better reflect real-world CBT patient 
characteristics (e.g., demographic attributes) and commonly 
addressed topics, particularly when authentic counseling data are 



 
 

 
 

scarce. However, standard data generation approaches still struggle 
to capture session continuity across different therapy stages. 

2.3.2 Supervised Fine-Tuning (SFT). SFT adapts a pretrained LLM 
to a target task by training on paired input-output examples and 
minimizing cross-entropy loss to reproduce reference responses 
[48]. Instruction-style SFT extends this framework by 
incorporating domain-relevant context; in our case, this may 
include additional information such as system roles (e.g., therapist, 
patient), therapy stages, or CBT framings [37]. This approach is 
particularly suited for structured, stage-sensitive domains such as 
psychotherapy, where multiple types of instructions are needed to 
capture the evolving therapeutic context and ensure that model 
outputs remain consistent with clinical intent and progression rather 
than surface-level linguistic similarity. 

3 Research Gaps and Research Questions 
Despite advances in LLM-based mental health systems, most 
existing models remain general-purpose and stand-alone, lacking 
stage-aware inter-session augmentation that complements human-
delivered therapy. Available data resources are limited and often 
lack clinically grounded dialogues that reflect how therapy evolves 
over time. Although synthetic data generation helps address data 
scarcity, current approaches typically produce isolated 
conversational pairs that fail to capture session continuity or the 
shifting therapeutic focus across CBT stages. In addition, while 
supervised fine-tuning enables LLMs to adapt to mental health 
dialogue generation, existing approaches primarily focus on 
general counseling interactions rather than stage-aware therapeutic 
progression across sessions. Thus, we propose the following 
research questions:  

(1) How can we develop an LLM-based approach for stage-aware 
intersession augmentation in CBT?  

(2) How can we design a synthetic data generation strategy that 
reflects CBT session continuity for stage-aware supervised fine-
tuning? 

4 Methods 

4.1  Data Collection 
We use CBT transcripts drawn from Beck’s CBT Manual [4], 
which is widely regarded as the gold standard reference used by 
clinicians in professional practice. The manual provides authentic 
records of therapist-patient interactions that illustrate the tone, 
principles, and flow of CBT. These transcripts, along with the 
clinical guidance presented in the manual, serve as ground-truth 
exemplars and are used as seed data for subsequent data generation 
and model development. Representative therapist-patient dialogues 
were identified to capture how CBT interactions evolve across the 
early, middle, and late stages of treatment. 

Although these transcripts are clinically grounded, their coverage 
remains limited. The available material includes only a small 

number of patient cases and partial session excerpts, each 
consisting of short conversational snippets. As a result, the dataset 
offers an instructive but narrow view of therapeutic exchanges and 
insufficiently represents the diversity of patient profiles, commonly 
addressed topics, and session progressions observed in real-world 
CBT practice. Other publicly available dialogue corpora, such as 
counseling question-answer sets and social media-based 
interactions, have been explored in prior studies [40, 53]. However, 
these datasets are not CBT-based and do not reflect the structured, 
stage-specific treatment cadence observed across sessions. Thus, 
the limited availability of comprehensive, stage-aware, and 
clinically grounded dialogue data, motivates synthetic data 
generation. 

4.2  Synthetic Data Generation 
We designed a topic-controlled synthetic data generation 
framework by explicitly encoding the structure and cadence of 
CBT. The approach aims to mimic real-world therapeutic practice, 
where therapists address diverse mental health concerns across 
different stages of treatment for distinct patient profiles. By 
incorporating therapeutic structure and continuity, the generated 
data supports stage-aware learning in subsequent model training. 

4.2.1 Profile Creation. The data generation process begins with 
the creation of synthetic patient profiles. Explicitly defining patient 
profiles before dialogue generation ensures controlled diversity in 
clinical characteristics. Each profile contains a unique patient 
identifier, one primary therapeutic topic, and demographic 
attributes (age and gender), which together form a concise patient 
case summary providing clinical context. Each synthetic patient 
profile is associated with a single primary therapeutic topic and is 
designed to progress through the three sequential stages of CBT: 
early, middle, and late. The six major concern categories were 
selected to reflect common presenting issues in CBT practice and 
were equally distributed across profiles: relationship issues, 
divorce, work or academic burnout, grief and loss, life transitions, 
and stress and coping.  

In total, 3,000 synthetic patient profiles were generated. Across all 
profiles, the mean patient age was 39.3 years (SD = 17.0), and 
approximately 68.3 percent of profiles were assigned female 
gender. These distributions were selected to approximate patient 
characteristics commonly observed in real CBT settings [11]. Each 
profile contains a concise case summary that provides additional 
clinical context, for example: “A 42-year-old recently divorced 
individual who feels isolated, self-critical, and unsure how to 
rebuild routines; no acute risk.” These elements form a structured 
representation of patient profiles used for subsequent stage-aware 
synthetic dialogue generation.  

4.2.2 Stage-Aware Synthetic Data Generation Workflow with 
Continuity. Once the patient profiles were created, we developed a 
stage-aware synthetic data generation workflow with continuity. 
This workflow expands data coverage while encoding both stage 
cadence and session continuity. Let 𝑠 ∈ {1,2,3}  represent the 
therapy stage (early, middle, late), 𝑡 ∈ {1,2,3,4,5,6} represent the 
topic category, and 𝑝  denote the patient profile (including 



 
 

 

demographic attributes). The dataset can be expressed as a set of 
dialogue pairs: 

𝑄𝐴!,#,$ = 1𝑞!,#,$, 𝑎!,#,$4 

where each pair contains a patient query and a therapist response 
associated with the given profile, topic, and stage. For each profile, 
three dialogue exchanges are generated to represent the early, 
middle, and late phases of CBT. In addition, to model continuity 
across sessions, the action plan and progress from stage 𝑠	is carried 
forward to stage 𝑠 + 1 . This mechanism explicitly encodes 
therapeutic progression, reflecting how therapists build upon prior 
sessions in real CBT practice. Figure 1 presents an example 
illustrating the prompting workflow and continuity mechanism. 

 

Figure 1: Stage-Aware Synthetic Data Generation Workflow 
with Continuity (Example) 

The workflow follows a three-step process: 

• System Instruction: The system prompt explicitly defines the 
therapist role, therapeutic objectives, communication focus, 
and stage-specific treatment priorities according to Beck’s 
CBT guidance [4]. Different instructions are provided for the 
early, middle, and late stages of therapy to reflect the evolving 
structure of CBT treatment, such as rapport building and 
problem identification in early sessions, cognitive 
restructuring and behavioral intervention in middle sessions, 
and relapse prevention and maintenance planning in later 
sessions. 

• User Prompt: The prompt includes the patient profile and any 
prior action plan or progress extracted from the previous stage 
(with no prior plan for the early stage). A separate state card 
stores and updates action plans after each stage’s data 
generation.  

• Output: The model generates a dialogue pair consisting of a 
patient message and a therapist response. After each stage’s 
generation, the action plan extracted from the therapist’s reply 
is summarized and recorded in the state card, which is then 
incorporated into the subsequent user prompt to preserve 
continuity during the next stage of data generation.  

Through this iterative process, we generated 9,000 synthetic 
patient-therapist dialogue pairs. Each sample captures evolving 
therapeutic interactions while preserving continuity from previous 
sessions. To ensure that generated dialogues reflected appropriate 
therapeutic language and CBT structure, two mental health experts 
reviewed randomly selected subsets of the data balanced across 
therapy stages. The reviewers evaluated dialogue coherence, tone, 
and consistency with CBT communication principles. Their 
feedback resulted in refinements to phrasing, tone, and therapeutic 
framing to improve the overall quality and consistency of the 
generated dataset.  

The complete synthetic dialogue dataset is available at: 
https://huggingface.co/datasets/yuana1234567/Mental-health-
CBT-dialogues 

4.3  Stage-Aware Supervised Fine-Tuning 
The proposed stage-aware CBT LLM adapts LLaMA-3.1-8B to 
generate stage-aware CBT responses through supervised fine-
tuning (SFT) on the dataset. The objective is to align model outputs 
with therapist responses that reflect stage-specific CBT reasoning, 
communication patterns, and therapeutic progression across 
sessions. Each input instance 𝑖  consists of three structured 
components: 

• System Instruction 𝑠% : A fixed instruction defining the 
therapist’s role, adapted from Beck’s CBT manual [4] and 
verified by human experts. 

• Stage Indicator (𝑔% ): A categorical token specifying the 
therapeutic stage (early, middle, or late), guiding the model to 
adjust tone, focus, and task emphasis accordingly. 

• Patient Message (𝑚% ): A patient utterance drawn from the 
synthetic dataset. 

The target output (𝑦%,# ) corresponds to the therapist’s response 
associated with the given stage and patient context. The model is 
trained to minimize cross-entropy loss between predicted and 
reference therapist responses using: 

ℒ&'((θ) = −
1
𝑁AAlog𝑃)

(!

#*+

1 𝑦%,# ∣∣ 𝑦%,,#, 𝑠% , 𝑔% , 𝑚% 4
-
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where 𝑁  denotes the total number of training examples, and 
𝑇%	represents the token length of the therapist response for example 
𝑖. 

For model development, 80% of the dataset (7,200 dialogue pairs) 
was used for training, 10% (900 pairs) for validation, and the 
remaining 10% (900 pairs) was reserved as a held-out testing set 
for evaluation. Through this SFT process, the model learns to 
generate responses that better reflect the communication patterns 
associated with different stages of CBT. 

4.4  Evaluation Plan 

https://huggingface.co/datasets/yuana1234567/Mental-health-CBT-dialogues
https://huggingface.co/datasets/yuana1234567/Mental-health-CBT-dialogues


 
 

 
 

We evaluate the proposed SA-CBT-LLM through two experiments 
designed to assess both linguistic performance and therapeutic 
quality. In Experiment 1, we evaluated how the proposed SA-CBT-
LLM performs against prevailing general-purpose LLMs. The 
benchmark models included LLaMA-3.1-8B, Mistral-7B Instruct, 
Falcon-7B Instruct, Qwen-7B Instruct, and GPT-4.1 mini. This 
experiment assesses the added value of stage-aware domain 
adaptation by examining how well standard LLMs capture 
therapeutic interaction patterns relative to our framework. In 
Experiment 2, we benchmarked SA-CBT-LLM against existing 
fine-tuned mental health LLMs to evaluate whether it provides 
measurable advantages in the CBT context. Benchmark models in 
this experiment [28–30, 35, 46] were selected because they are 
publicly available and represent commonly used adaptation 
strategies in mental health LLM research, including SFT and 
parameter-efficient fine-tuning approaches such as LoRA. 

Our evaluation metrics are computed on a held-out testing set of 
900 synthetic conversational pairs. Following prior NLP and 
mental health LLM literature, we assess model performance using 
several linguistic evaluation metrics, including ROUGE-L and 
BERTScore (F1, Precision, and Recall). ROUGE-L measures 
lexical overlap between generated and reference responses, while 
BERTScore evaluates semantic similarity using contextual 
embeddings. Specifically, BERTScore Precision measures the 
relevance of the generated content relative to the reference 
response, Recall evaluates how much of the reference meaning is 
captured by the generated response, and F1 provides an overall 
semantic similarity score. In addition to linguistic evaluation, we 
also include a CBT-oriented therapeutic quality assessment using 
fidelity-related measures derived from the Cognitive Therapy 
Rating Scale-Revised (CTRS-R). To support scalable evaluation, 
an LLM is employed as a judge to assess generated therapist 
responses across the early, middle, and late stages of therapy. 
Specifically, the LLM generates a score for each of the 11 CTRS-
R items, and these item scores are summed to obtain an overall 
fidelity score, consistent with the questionnaire’s scoring approach 
in clinical practice. Higher fidelity scores indicate stronger 
alignment between generated responses and CBT-oriented 
therapeutic principles. 

All experiments were conducted on Big Red 200, a supercomputer 
equipped with 64 GPU nodes, each with 512 GB of memory, a 64-
core 2.0 GHz AMD EPYC 7713 processor, and four NVIDIA A100 
GPUs.  

5 Experiment Results 

5.1  Experiment 1: SA-CBT-LLM vs General 
LLMs 

Experiment 1 examines how domain adaptation affects the 
proposed SA-CBT-LLM relative to prevailing general-purpose 
LLMs in generating CBT-oriented responses. Results are 
summarized in Table 1. The best model performances appear in 
bold-face. 

Table 1. Experiment 1 Results (Linguistic) 

Models ROUGE-L  BERTScore 
Precision  

BERTScore 
Recall  

BERTScore 
F1 

LLaMA-3.1-8B 0.1845 0.8569 0.8695 0.8631 
Mistral-7B Instruct  0.1564 0.8441 0.8620  0.8529  
Falcon-7B Instruct 0.1729 0.8653 0.8634 0.8643 
Qwen-7B Instruct 0.1196 0.8635 0.8511 0.8572 
GPT-4.1 mini 0.2153 0.8699 0.8907 0.8802 
SA-CBT-LLM 0.2862 0.8984 0.8981 0.8982 

The proposed SA-CBT-LLM achieves the strongest performance 
across all linguistic evaluation metrics, including ROUGE-L 
(0.2862), BERTScore Precision (0.8984), Recall (0.8981), and F1 
(0.8982). These results indicate that the stage-aware supervised 
fine-tuning strategy improves both lexical alignment and semantic 
consistency between generated therapist responses and reference 
CBT responses. In particular, the improvements in BERTScore 
suggest that the proposed framework more effectively captures the 
contextual meaning and conversational patterns associated with 
CBT-oriented interactions across different therapy stages. Among 
the baseline models, GPT-4.1 mini performs competitively across 
most metrics. This is expected because, although labeled as a 
smaller variant, it is a proprietary model trained on a much larger, 
more diverse corpus and advanced instruction-tuned. 

In addition to linguistic evaluation, we further conducted a CBT-
oriented therapeutic quality assessment using fidelity-related 
measures derived from the CTRS-R questionnaire. Results are 
summarized in Table 2. The best model performances appear in 
bold-face. 

Table 2. Experiment 1 Results (Clinical) 

Models FidelityEarly FidelityMid FidelityLate FidelityMean 
LLaMA-3.1-8B 6.7500 7.3167 8.5567 7.5411 
Mistral-7B Instruct  5.1900 7.1700 9.5433 7.3011 
Falcon-7B Instruct 6.7567 6.2667 5.5767 6.2000 
Qwen-7B Instruct 0.7333 1.1333 3.0300 1.6320 
GPT-4.1 mini 9.2800 13.0433 11.1833 11.1689 
SA-CBT-LLM 9.9367 12.2033 11.6800 11.2730 

From the therapeutic evaluation perspective, SA-CBT-LLM 
achieves the highest fidelity-related scores for the early stage 
(9.9367), late stage (11.6800), and overall mean performance 
(11.2730), while GPT-4.1 mini achieves the strongest performance 
in the middle stage. These findings suggest that the proposed 
framework generates responses that generally align well with CBT-
oriented therapeutic principles across different stages of treatment. 
Nevertheless, there remains room to further enhance therapeutic 
quality, particularly in achieving more consistent fidelity across all 
stages of treatment. Further improvements may be achieved 
through future optimization strategies specifically designed to 
enhance CBT fidelity throughout the therapeutic process. 

5.2  Experiment 2: SA-CBT-LLM vs Mental 
Health LLMs 

Experiment 2 benchmarks the SA-CBT-LLM against existing 
open-source, mental health-specific LLMs. Results are 
summarized in Table 3. The best model performances appear in 
bold-face. 

Table 3. Experiment 2 Results (Linguistic) 



 
 

 

Models ROUGE-L  BERTScor
e Precision  

BERTScor
e Recall  

BERTScor
e F1 

Mental-Health-Mistral 0.1622 0.8478 0.8639 0.8558 
TinyLlama-mental-health 0.1325 0.8350 0.8500 0.8424 
Mental_Health_chatbot 0.1353  0.8403 0.8633  0.8516 
mh-llama-GRPO 0.1443  0.8708 0.8505  0.8602 
Psychosocial-Counseling 0.1728  0.8487 0.8653  0.8569 
SA-CBT-LLM 0.2862 0.8984 0.8981 0.8982 

The proposed SA-CBT-LLM again achieves the strongest 
performance across all linguistic evaluation metrics, including 
ROUGE-L (0.2862), BERTScore Precision (0.8984), Recall 
(0.8981), and F1 (0.8982). Many benchmark models reflect 
prevailing adaptation strategies in the field, including supervised 
fine-tuning and LoRA-based parameter-efficient fine-tuning. 
However, despite being fine-tuned on mental health datasets, 
improvements over general-purpose LLMs remain relatively 
limited for CBT-specific dialogue generation. These findings 
suggest that domain adaptation alone may not sufficiently capture 
the structured therapeutic principles and communication patterns 
associated with CBT-oriented interactions. In contrast, the 
proposed stage-aware supervised fine-tuning strategy enables the 
model to better align generated responses with reference CBT 
interactions constructed across different treatment stages. We 
further conducted a CBT-oriented therapeutic quality assessment. 
Results are summarized in Table 4. The best model performances 
appear in bold-face. 

Table 4. Experiment 2 Results (Clinical) 

Models FidelityEarly FidelityMid FidelityLate FidelityMean 
Mental-Health-Mistral 6.8033 8.4067 7.2200 7.4767 
TinyLlama-mental-health 3.2600 4.1267 3.4433 3.6100 
Mental_Health_chatbot 6.7433 8.9100 7.8933 7.8489 
mh-llama-GRPO 3.5467 4.3367 4.4167 4.1000 
Psychosocial-Counseling 6.3867 7.7000 8.0367 7.3744 
SA-CBT-LLM 9.9367 12.2033 11.6800 11.2730 

From the therapeutic evaluation perspective, SA-CBT-LLM 
achieves the highest fidelity-related scores across all therapy 
stages, including Early (9.9367), Middle (12.2033), and Late 
(11.6800), as well as the strongest overall mean performance 
(11.2730). These findings suggest that the proposed framework 
generally produces responses that better reflect CBT-oriented 
therapeutic principles and communication patterns associated with 
different stages of treatment relative to existing mental health-
specific LLMs. 

6  Discussion 
The proposed SA-CBT-LLM aims to make mental health support 
more socially accessible, responsive, and empathetic to 
individuals’ evolving therapeutic needs, while staying aligned with 
the professional and ethical standards followed by human 
therapists. It seeks to proactively acknowledge distress, promote 
well-being, and uphold human dignity, rather than only generating 
technically correct responses. Our work has implications for key 
stakeholders, including therapists and patients. 

Therapists in various settings (e.g., higher educations) benefit from 
reduced manual effort as the system provides structured support 
between sessions, handling routine psychoeducation, check-ins, 

and guidance when direct contact is not possible. The system adapts 
its responses based on stage progression in a clinically aligned yet 
humanistic and empathetic manner, a capability not achievable 
with earlier rule-based or static LLM systems. In line with prior 
research suggesting that mental health technologies can help 
address unmet mental health needs when human-centered 
principles are preserved [31], SA-CBT-LLM complements human 
therapists by functioning as a supportive extension of clinical care 
and ultimately strengthening the therapeutic relationship. 

Patients often discontinue therapy for a range of reasons, including 
limited accessibility, scheduling constraints, and social stigma 
associated with seeking mental health support. When instantiated 
within a digital tool, SA-CBT-LLM can enhance engagement by 
offering stage-specific support that is accessible at any time. For 
some individuals, the private and socially low-barrier nature of 
such tools may reduce hesitation around disclosure and help sustain 
engagement between appointments. By validating emotional 
experiences and providing guidance grounded in established 
clinical standards, the system supports continuity of care while 
promoting overall well-being. 

7  Conclusion and Future Directions 
This study presents the Stage-Aware CBT LLM (SA-CBT-LLM), 
a framework intended to support potential inter-session therapeutic 
augmentation in CBT. By integrating synthetic data generation 
with continuity grounded in Beck’s CBT manual for stage-aware 
supervised fine-tuning, the proposed framework models 
therapeutic progression across the early, middle, and late stages of 
CBT treatment. Experimental results demonstrate that SA-CBT-
LLM is capable of generating more therapeutically aligned 
responses relative to prevailing general-purpose and mental health 
LLMs. 

For future directions, we plan to further extend this work by directly 
optimizing therapeutic quality during model training through 
reinforcement learning-based optimization strategies that explicitly 
model CBT fidelity using structured reward mechanisms in a stage-
aware manner. Such approaches may further improve the alignment 
between generated responses and clinically grounded therapeutic 
principles across different stages of treatment. In addition, while 
the current study primarily relies on automated evaluation metrics 
and LLM-based assessment, future work may incorporate expert 
panels and qualitative analysis to provide deeper clinical insight 
into the therapeutic quality and appropriateness of generated 
responses. Overall, this work highlights the importance of 
modeling therapeutic progression and continuity within AI-enabled 
mental health support systems. 
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