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Abstract

Problem-Solving Therapy (PST) is a structured
psychological approach that helps individuals
manage stress and resolve personal issues by
guiding them through problem identification,
solution brainstorming, decision-making, and
outcome evaluation. As mental health care in-
creasingly adopts technologies like chatbots
and large language models (LLMs), it is impor-
tant to thoroughly understand how each session
of PST is conducted before attempting to auto-
mate it. We developed a comprehensive frame-
work for PST annotation using established PST
Core Strategies and a set of novel Facilitative
Strategies to analyze a corpus of real-world
therapy transcripts to determine which strate-
gies are most prevalent. Using various LLMs
and transformer-based models, we found that
GPT-40 outperformed all models, achieving the
highest accuracy (0.76) in identifying all strate-
gies. To gain deeper insights, we examined how
strategies are applied by analyzing Therapeu-
tic Dynamics (autonomy, self-disclosure, and
metaphor), and linguistic patterns within our
labeled data. Our research highlights LLMs’
potential to automate therapy dialogue analy-
sis, offering a scalable tool for mental health
interventions. Our framework enhances PST
by improving accessibility, effectiveness, and
personalized support for therapists.

1 Introduction

In recent years, modern stressors like COVID-
19, global conflicts, and climate disasters have
led to rising mental health conditions, especially
among adults 35-44 (APA, 2023). In response,
the World Health Organization (WHO) calls for
urgent transformation in mental health care (WHO,
2022). Problem-Solving Therapy (PST) helps
manage these stressors by enhancing problem-
solving skills, reducing psychological distress, and
strengthening coping mechanisms (Song and Sun,
2019; Arean et al., 2008; Gellis and Kenaley,
2008).

It seems we're alike in trying to do it all, thinking
it's best if we handle everything. Learning to
delegate is tough but freeing when we get it right.
Have you found success in delegating?

Yes, I have. It was a relief discussing it with my
family and seeing it work out. N

of ways to help yourself feel less burdened by the

& Given your worries and frustrations, have you thought
situation?

I've accepted what needs to happen, like needing
outside help. It's about moving forward without Q
letting it bother me. n

Figure 1: A real-life example of therapist and client
exchanges in a problem-solving therapy session.

As rapidly evolving trends continue to shape
the critical area of mental health, systematic meth-
ods for analyzing PST interactions remain lim-
ited (Chiu et al., 2024). This gap is especially
relevant with the rise of large language model
(LLM)-powered mental health chatbots (Lawrence
et al., 2024; Cho et al., 2023). Before widespread
adoption, it is crucial to assess how PST strate-
gies are applied in practice, as therapists’ ap-
proaches vary based on client needs and contexts
(Andrade-Arenas et al., 2024). PST follows a struc-
tured process, identifying problems, brainstorm-
ing solutions, decision-making, and evaluation, to
strengthen clients’ problem-solving skills and cop-
ing abilities (Malouff et al., 2007). While new
technologies hold promise, their adaptability and
responsiveness must be ensured for effective PST
automation (Izadi and Forouzanfar, 2024).

Previous work leveraged LLMs for analyzing
therapist-client interactions (Lin et al., 2025; Dem-
szky et al., 2023). For instance, Lee et al. used
LLMs, particularly ChatGPT, to identify utterance-
level features in therapist-client conversations to
classify counselor’s utterances. In PST, such re-
search in automated annotations is still lacking due
to limited data and costly domain expert annota-
tion. Automating the annotation of various cogni-
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tive therapy techniques is crucial for developing
efficient models, like LLMs, that can navigate the
complexity of therapeutic dialogues and identify
effective interventions. This capability could en-
able real-time suggestions to therapists or direct
interventions in automated systems.

Our work addresses this gap by using LLMs to
automate PST annotation, using both closed- and
open-source models to categorize therapist utter-
ances. We analyzed 240 real-world anonymized
PST sessions (68,306 dialogue exchanges), apply-
ing LLMs to annotate strategies based on existing
and adapted PST and Facilitative strategy code-
books. Our results show that LLMs efficiently and
accurately annotate PST strategies. We also ana-
lyzed how these strategies evolve across sessions
finding that therapists progressively shift from ex-
ploratory strategies, such as defining problems
and brainstorming solutions, to strategies focused
on implementation and evaluation. Additionally,
we analyze therapeutic dynamics (autonomy, self-
disclosure, metaphor) and linguistic properties in
all utterances to understand how these strategies
were applied. Our results show that therapists
adapt their language to session goals, using more
non-directive language and metaphors in the early
stages and transitioning to directive language and
concrete communication as therapy progresses.

This approach enhances therapist-client interac-
tion analysis, supports scalable and adaptive mental
health interventions, and enables real-time identi-
fication of effective therapeutic techniques. Our
framework advances NLP and mental health care,
showing LLMs’ potential to transform PST re-
search. Finally, integrating Facilitative strategies
refines the PST framework, offering deeper insights
into targeted therapeutic interventions. All codes
used in this study are available in our GitHub repos-
itory.!

2 Related Work

2.1 LLMs for Mental Health Care

LLMs have been applied for mental health care,
leveraging distinct features such as conversational
capabilities (Ma et al., 2023; Zheng et al., 2023),
content generation (Yang et al., 2024; Smith et al.,
2023), and detection of information patterns (Pos-
ner et al., 2011; Mauriello et al., 2021). Specifi-
cally, LLMs have been applied by conversational
agents (Bendig et al., 2022) to serve as personal

digital companions (Ma et al., 2023), provide emo-
tional support (Zheng et al., 2023), and support on-
line counseling (Sharma et al., 2023; Filienko et al.,
2024). Researchers applied LLMs to generate ex-
planations for mental health analysis (Yang et al.,
2024), help people learn mindfulness (Kumar et al.,
2023), and create hypothetical case vignettes to
social psychiatry (Smith et al., 2023). LLMs have
also been used in the classification of subtypes of
suicide (Posner et al., 2011), and the identification
of sources of stress span (Mauriello et al., 2021).

However, gaps remain in previous research in
accessing data with high external validity to fully
understand the potential LLMs for different mental
health care settings (Hua et al., 2024; Wang et al.,
2021a; Goel et al., 2023). For example, among 36
datasets identified in Hua et al. (2024), 55.6% were
collected from social media, 13.9% were simulated
by clinicians, crowd workers, and LLMs, and only
8.3% came from real-life counseling conversations.
Moreover, labels in existing datasets are typically
not validated by experts (Hua et al., 2024; Harrigian
et al., 2020). The absence of relevant evaluation
frameworks brings further challenges. Every cog-
nitive and interpersonal therapy technique has a
unique, specialized structure and requirement for
evaluating fidelity of delivery(Sharma et al., 2023;
Mehta et al., 2022). Examining how professionals
deliver interventions through therapy techniques is
essential for addressing these gaps.

2.2 LLMs as (Co-)Annotators

Acquiring high-quality labeled data is time-
consuming and costly when relying solely on hu-
man experts for annotation (Wang et al., 2021b,
2024; Bouzoubaa et al., 2024b). LLMs have been
explored to support annotations through prompt en-
gineering (Reynolds and McDonell, 2021; Goel
et al., 2023; Bouzoubaa et al., 2024a), such as
zero-shot, without any in-domain training (Liu
et al., 2024; Reynolds and McDonell, 2021) and
few-shot learning, incorporating examples of the
task (Brown et al., 2020). Research showed LLMs
outperformed crowd workers on annotation tasks
including relevance, stance, topics, frame detec-
tion, and categorizing sentence segments (Gilardi
et al., 2023; He et al., 2024; Tornberg, 2023; Pes-
sianzadeh and Rezapour, 2025).

On the other hand, Zhu et al. (2023) and Ziems
et al. (2024) showed that the performance of LLMs
varies depending on tasks, datasets, and labels,

! github.com/social-nlp-lab/LLM_Problem_Solving_Therapy claiming the irreplaceableness of human annota-
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tors. Wang et al. (2021b) and Li (2024) showed that
human-LLM collaboration, either through human
annotation of LLM-labeled data or combining both
annotations, outperformed LLM-only or human-
only approaches. Li et al. (2023b) explored the al-
location between humans and LLMs for annotation
and contributed to a paradigm using uncertainty to
estimate LLMs’ annotation capability. Researchers
also developed human-LLM collaborative annota-
tion systems to support the annotations (Kim et al.,
2024; Tang et al., 2024). Our study expands on
previous research by employing LLMs to annotate
therapy transcripts, based on experts’ input, thereby
refining existing frameworks and models and in-
forming broader applications of LLMs in mental
health care research.

3 Method

3.1 Data

Data Collection. The PISCES trial (Demiris et al.,
2019) provided transcriptions of 240 PST sessions
between 152 family caregivers of older adults in
hospice care and a behavioral interventionist. Each
caregiver attended up to three therapy sessions, but
not every session was recorded and transcribed due
to technical and legal constraints. We first ensured
the anonymity of these transcripts by removing
any remaining information that could potentially
reveal the identity of the clients or therapists. We
then converted the transcripts into 68,306 dialogue
exchanges between clients and therapists. An ex-
ample of two exchanges is shown in Figure 1. We
then separated the utterances® made by therapists,
which resulted in 34,273 utterances. After consult-
ing with domain experts and to ensure high quality
and relevance, we excluded utterances shorter than
5 words, such as “hmmm”, “okay”, “well”, and
“oh good” assuming that longer ones would pro-
vide more meaningful content for our study. This
process resulted in 14,417 utterances for further
analysis. The average word count for these utter-
ances was 29.78 with a standard deviation of 42.72.
Problem-Solving Therapy Codebook. In collab-
oration with PST experts, we developed the anno-
tation codebook using the core strategies from the
ADAPT model of PST, which includes five steps:
1) developing a positive Attitude, 2) Defining the
problem and setting goals, 3) being creative and

2An utterance is a continuous piece of speech, by one

person, before or after which there is silence on the part of the
person: https://en.wikipedia.org/wiki/Utterance

finding Alternative solutions, 4) Predicting how
the solutions will work and making a plan, and
5) Trying out the solution plan (Demiris et al.,
2019). We refer to these as the ‘Problem-Solving
(PS) Core’ category. Upon further exploration
of our data and various frameworks and code-
books for therapy conversations and strategies (Li
et al., 2023a; Ribeiro et al., 2013; Wang et al.,
2023; Ghamari Kivi and Jamshiddoust Miyanroudi,
2022), our domain experts suggested adding a new
category of four strategies to this list, called ‘Facil-
itative’ strategies, which we will use interchange-
ably as ‘Facilitators’ throughout the paper. These
strategies are further explained in Table 6.

Data Annotation. To develop an evaluation set,
we randomly selected 500 therapist utterances for
detailed annotation. One domain expert alongside
one researcher from our team performed the anno-
tation. The annotators were instructed to select at
most one strategy from the ‘PS Core’ category and
one strategy from the ‘Facilitators’, if applicable.
If none of the strategies were suitable, we labeled
it as ‘None.” We used Cohen’s Kappa to assess an-
notators’ agreement across different classes of PST
strategies. Our findings show that the agreement
scores ranged from 0.69 to 0.88 for strategies in
our codebook, indicating a substantial agreement
among the annotators, reflecting a reasonable level
of consistency in identifying the strategies. Agree-
ment was higher for more straightforward classes
(e.g., ‘Generating Alternative Solutions’) and lower
for more subjective or nuanced classes (e.g., ‘Ther-
apeutic Engagement’).

3.2 PST Classification with LLM Prompting

LLMs, such as GPT-4, have been used for data an-
notation, offering capabilities for analyzing and
categorizing diverse datasets (Li et al., 2023a;
Kuzman et al., 2023; Hoes et al., 2023). In
this work, we employed these models to an-
notate therapist utterances, aiming to identify
the PST strategy used in each case. Specifi-
cally, we used two versions of OpenAl’s mod-
els: gpt-40-2024-08-06 (OpenAl) (referred to
as GPT-40) and gpt-4-0125-preview (OpenAl,
2024) (referred to as GPT-4), as well as two open-
source models, L1ama-3.1-70B-Instruct (Meta)
(referred to as Llama) and Yi-1.5-34B (Young
et al., 2024) (referred to as Yi-1.5). All models
were deployed with a zero-temperature setting to
ensure deterministic output, enhancing the consis-
tency of our annotations (See Appendix B for hy-
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perparameters). Using this approach, we compared
the efficiency and accuracy of these models against
our 500 annotated utterances. We used two ap-
proaches to test how well LLMs can annotate data:

- No Context: We provided specific instruc-
tions to LLMs, followed by definitions of each
strategy and a few examples in the prompts.
We then presented each therapist’s utterance
for classification, without providing any addi-
tional conversational context.

- Two Previous Utterances as Context: In ad-
dition to instructions, strategy definitions, and
examples, we provided LLMs with two pre-
vious statements from the conversation; one
from the client and one from the therapist.
Using this context, we evaluated how LLMs
perform when conversation history is added.

Labeling with LLMs followed the same ap-
proach as with the annotators. In each prompt,
we asked the models to select one strategy from the
PS Core and Facilitative categories or return ‘None’
if applicable. Prompts are available in Appendix C.
We ran each LLM five times to test their stability
for annotation. To evaluate the consistency of the
annotation, we calculated the entropy of the labels
generated by the LLMs (Li et al., 2023b). Entropy
(Eq. (1)) measures the degree of uncertainty or
disorder within a dataset. The higher the entropy
value, the more uncertain the LLMs’ responses are.

k
u; = — ZPG(aij | pij) In Py(ai; | pij) (1)
=1

where Py(ai; | pij) is calculated as the fre-
quency of one prediction among all predictions.

3.3 Transformer Fine-Tuning

In addition to using LLM-based models, we
adopted a student-teacher approach to train four
smaller transformer-based models, DeBERTa (He
et al.,, 2020), MentalBERT (Ji et al., 2022),
FlanT5 (Chung et al., 2024), and ModernBERT
(Warner et al., 2024), for classifying therapist ut-
terances. Following recent work on leveraging
LLM-generated pseudo-labels for model supervi-
sion (Li et al., 2023b; Gilardi et al., 2023; Goel
et al., 2023), we used annotations produced by our
best-performing LLM as teacher-generated labels.
From all the utterances labeled by LLLM, we ran-
domly sampled 5,000 (excluding the evaluation
set) to fine-tune the transformer models. Fine-
tuning was conducted separately for each annota-

tion dimension: PS Core strategies and Facilitative
strategies. We evaluated all models on the human-
annotated test set. Details of our model configura-
tions and hyperparameter settings can be found in
Appendix B. This setup enables scalable training
while preserving privacy and maintaining align-
ment with domain-specific strategy definitions.

3.4 Therapeutic Dynamics

The previous section focused on identifying which
strategies are used in PST. Here, we turn our atten-
tion to how these strategies are applied by analyz-
ing autonomy, self-disclosure, and metaphor usage.
These three dynamics were selected based on their
foundational roles in therapeutic communication,
autonomy as a core component of client-centered
care (Entwistle et al., 2010), self-disclosure as a
tool for building therapeutic alliance (Henretty and
Levitt, 2010), and metaphor as a mechanism for
enhancing communication and shared understand-
ing (Stine, 2005). In consultation with the clinical
expert in our team and drawing from established
PST manuals (Nezu et al., 2012), we identified
these dimensions as particularly informative for
characterizing therapist-client interactions.
Autonomy is a cornerstone of effective counsel-
ing, enhancing therapeutic alliances and treatment
outcomes (Dwyer et al., 2011). While its impor-
tance is well-established, measuring autonomy has
largely focused on theory and behavior, overlook-
ing linguistic markers. Previous research (Shah
et al., 2022) has often relied on open-ended ver-
sus close-ended questions as a proxy for assessing
autonomy. However, we adopt a more comprehen-
sive definition grounded in the literature to better
capture the nuances of autonomy in therapeutic in-
teractions. To address this, we define autonomy
through three categories: directive, non-directive,
(Overholser, 1987) and N/A. Directive approaches
involve therapist-led guidance, useful but poten-
tially fostering dependency. Non-directives, such
as Socratic questioning, encourage independence
and self-reliance. The N/A category covers utter-
ances unrelated to autonomy.

Self-disclosure in therapy involves a therapist shar-
ing personal experiences or feelings to build trust
(Marais and McBeath, 2021), validate emotions, or
model behaviors, enabling a more equitable power
relationship in therapy and normalizing clients’ ex-
periences and distress (Jolley, 2019). It can be
categorized as immediate, involving real-time feel-
ings, or non-immediate, sharing past experiences
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and personal anecdotes (Farber, 2006). Our frame-
work also includes a None category for utterances
lacking self-disclosure.

Metaphor is a symbolic approach that implies sim-
ilarity between experiences, thoughts, emotions,
actions, or objects (Glucksberg and Keysar, 1993).
Given their crucial role in fostering learning and
comprehension, counselors must be highly skilled
at using them effectively in therapy (Wagener,
2017). While some studies show that LL.Ms strug-
gle with metaphor and analogy comprehension (Cz-
inczoll et al., 2022; Tong et al., 2024), we incorpo-
rated key concepts from the Conceptual Metaphor
Theory (Tian et al., 2024), which has shown to
enhance LLMs performance in metaphor under-
standing. We designed our prompts to identify
metaphors, along with their corresponding source
and target domains.

We prompted GPT-40 to analyze therapeutic dy-
namics in each therapist utterance (see Appendix
C.2). To assess the quality of responses, two au-
thors independently evaluated a random sample
of 200 GPT-40 outputs, verifying their accuracy
against the corresponding utterances through man-
ual fact-checking.

3.5 Linguistic Patterns

We used Linguistic Inquiry and Word Count
(LIWC) (Boyd et al., 2022) to examine how ther-
apists’s language represents aspects such as emo-
tional tone, cognitive processes, and time orienta-
tion. LIWC was chosen for its reliability in identify-
ing psychologically meaningful language patterns,
making it well-suited for analyzing subtle aspects
of therapeutic communication (Lord et al., 2015).

4 Result

4.1 Performance of LLMs in Annotation

Table 1 shows the weighted F1 scores of four
LLMs, including two proprietary models (GPT-4
and GPT-40) and two open-source models (Llama-
3.1 and Yi-1.5). We evaluate the models’ perfor-
mance using our evaluation set (500 annotated ut-
terances) for both ‘No context’ and ‘With context’
conditions. GPT-40 achieved the highest F1 score
(0.76) with ‘No context’, outperforming all other
models. GPT-4 followed closely with an F1 score
of 0.68 (See Appendix D.1 for more details). All
models showed lower F1 scores when provided
with additional context (i.e., the two previous utter-
ances in the conversation), and our error analysis

No context With context
FAC PS FAC PS

GPT-4 0.65 0.76 0.68 0.65 0.70 0.64
GPT-40 0.78 0.81 0.76 0.59 0.76 0.66
Llama-3.1  0.66 0.70 0.61 0.55 0.65 0.50
Yi-1.5 0.64 0.59 0.56 056 0.54 0.49

Model

Overall Overall

Table 1: Average weighted F1 scores for PS Core (PS),
Facilitators (FAC), and overall across different LLMs.
The overall score is the weighted average of all strate-
gies’ F1 score plus None category.

Model Mean Entropy Std Entropy
GPT-4 0.042 0.150
GPT-40 0.035 0.130
Llama 0.016 0.091
Yi-1.5 0.000 0.000

Table 2: Comparison of Mean and Standard Deviation
of Entropy across different LLMs.

showed that this was because, despite explicitly
instructing the LL.Ms in our prompt to focus only
on the therapist’s most recent utterance and use
the two previous utterances solely as context, the
LLMs occasionally returned labels for the context
rather than the target utterance.

Table 2 shows entropy results across five runs per
LLM. Since values were identical for ‘No context’
and ‘With context’, we report a single set, with
all models showing sufficiently low entropy for
consistency. GPT-4 and GPT-40 had higher mean
entropy than Llama-3.1 and Yi-1.5, with GPT-40
slightly more stable (0.035 vs. 0.042). Despite
higher variability, GPT models’ superior F1 scores
suggest this had no impact on performance. In
contrast, Llama-3.1 and Yi-1.5 exhibited lower en-
tropy, with Yi-1.5 at 0.00, potentially indicating
overconfidence and poor generalization, reflected
in its lower F1 score.

Opverall, the results show that GPT-40 performed
best without any context. Precision, recall, and
F1 scores for each PST strategy are shown in Ta-
ble 3. The model performed well in classifying
PS Core strategies, with balanced scores across
strategies like ‘Problem-Solving Positive Mindset’
and ‘Defining Problems and Goals’. For Facilita-
tors, it was successful in identifying ‘Therapeutic
Engagement’ and ‘Problem-Solving Test Review,’
while ‘Social Courtesies’ and ‘Session Manage-
ment’ showed slightly lower precision. We selected
GPT-40 to annotate the entire dataset of therapist
utterances. Given its low mean entropy (0.035), we
only ran the model once for full annotation.
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Strategies Precision Recall Fl-score #Support
Problem-solving Positive Mindset 0.85 0.85 0.85 39
Defining Problems and Goals 0.86 0.73 0.79 66
PS Core Generating Alternative Solutions 0.83 0.76 0.79 36
Outcome Prediction and Planning 0.86 0.82 0.84 33
Trying Out Solution Plan 0.67 1 0.80 18
Social Courtesies 0.59 0.94 0.73 25
Session Management 0.58 0.81 0.68 64
Facilitators ~ Therapeutic Engagement 0.69 0.95 0.80 130
Test Review 1 0.86 0.92 24
None 0.88 0.48 0.62 90
weighted average 0.77 0.79 0.76 525

Table 3: Precision, Recall, and F1-Score for Facilitative and PS Strategies in GPT-40 (without context). Total
#Support exceeds 500 (utterances in our evaluation set) due to the multi-label setup, where some utterances were

labeled for both a PS Core and a Facilitative strategy.

Model PS FAC Overall
DeBERTa 0.77 0.73 0.68
MentalBERT 0.78 0.69 0.68
ModernBERT 0.8 0.7 0.71
FLAN-T5 0.68 0.69 0.67

Table 4: Average weighted F1 scores for PS Core (PS),
Facilitators (FAC), and Overall across models.

4.2 Transformer Fine-Tuning

After annotating the entire dataset of 14,417 thera-
pist utterances with GPT-40, we randomly sampled
5,000 utterances and fine-tuned four transformed-
based models. Table 4 shows the average weighted
F1 scores for DeBERTa, Mental BERT, FLAN-TS5,
and ModernBERT on PS Core and Facilitative
strategies. ModernBERT achieved the highest F1
score (0.8) for PS Core strategies, while DeBERTa
performed best on Facilitators (0.73). These results
highlight DeBERTa’s strength in Facilitators anno-
tation and ModernBERT’s advantage in PS Core
(See Appendix D.2).

4.3 Therapeutic Dynamics

For autonomy, the relationship between directive
and non-directive language and question types
shows that 94.49% of directive utterances are
closed-ended. While 59.25% of non-directive ut-
terances are open-ended, a notable 40.75% are un-
expectedly closed-ended (See the co-occurrence
matrix in Appendix E). Figure 2 shows the distribu-
tion of directive and non-directive autonomy in PS
Core strategies. Non-directive language dominates
the early stages (‘PS Positive Mindset’ and ‘Defin-
ing Problems and Goals’), while the later stages
(‘Outcome Prediction and Planning’ and ‘Trying

Out Solution Plan’) shift toward directive language.
Similarly, for Facilitators (Figure 3) more struc-
tured strategies are directive while the other two
show more non-directive language.

Reviewing the results of self-disclosure showed
that, only 257 instances were labeled as non-
immediate self-disclosure, suggesting that such
disclosures are carefully considered rather than
spontaneous. Furthermore, Figures 4 and 5 show
metaphor usage across PS Core and Facilitative
Strategies. Metaphors are most prevalent in Ther-
apeutic Engagement (72.18%). In PS Core Strate-
gies, they are commonly used in ‘Defining Prob-
lems and Goals’ (44.90%) and ‘Generating Alter-
native Solutions’ (23.13%).

4.4 Linguistic Patterns

Table 5 shows the distribution of all therapeutic
strategies in our data with the top bigrams and
LIWC categories representing each. Among PS
Core strategies, ‘Defining Problems and Goals’ is
most prevalent (33.48%), emphasizing therapists’
role in helping clients clarify objectives, with bi-
grams like “defining problem” and “solving impor-
tant”. LIWC’s reward feature suggests clients are
being motivated by potential benefits. ‘Generating
Alternative Solutions’ is another significant strat-
egy (20.03%), with words such as “brainstorming
ideas” and “strategies tactics” showing the focus
on exploring different options to address issues.
The LIWC indicators insight and curiosity align
with this focus on creativity and open-mindedness.
Similarly, ‘Problem-Solving Positive Mindset’ in-
cludes “positive attitude” and “healthy thinking”,
highlighting therapists’ encouragement toward op-
timism and resilience, supported by LIWC features
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Strategies Top Bigrams Top LIWC  Distribution
Defining Problems  (goals, around), (defining, problem), (facts, around), (obstacles, goals), (clear, language), (meet- reward 33.48%(1,743)
and Goals ing, goals), (solving, important), (one, goals)
Generating Alterna-  (brainstorming, ideas), (strategies, tactics), (defer, judgment), (leads, quality), (quantity, leads), insight, cu- 20.03%(1,043)
tive Solutions (three, things), (variety, ideas), (lots, ideas), (good, thing), (big, idea) riosity
Problem-solving (strong, emotion), (way, feel), (affects, way), (healthy, thinking), (make, mistakes), (positive, ~emotion, 11.75%(612)
g Positive Mindset attitude), (things, change), (thinking, rules), (really, helpful), (use, feelings), (try, balance), feeling
o (problems, challenges), (feelings, adaptively)
£ Outcome Prediction (social, consequences), (personal, consequences), (positive, negative), (solve, problem), (pros, risk, focus- 10.18%(530)
and Planning cons), (last, time), (personal, social), (rough, screening), (would, affect) future
Trying Out Solution  (positive, negative), (see, works), (make, sense), (really, hard), (go, back), (solve, problem), focuspast, 2.97%(155)
Plan (really, important), (effort, put), (get, support), (extra, support), (talk, trying) focusfuture
Therapeutic En- (really, good), (makes, sense), (right, right), (last, time), (oh, gosh), (good, good), (make, sure), focuspresent 52.19%(5,918)
gagement (might, look), (one, things), (goals, around)
g Session  Manage- (next, time), (time, meet), (last, time), (defining, problem), (alternative, solutions), (next, week), focusfuture  15.80%(1,792)
& ment (let, see), (going, talk), (time, talk), (brainstorming, ideas)
I.—E Social Courtesies (thank, much), (look, forward), (thank, time), (talk, next), (taking, time), (next, time), (good, emotion, 8.69%(986)
& good), (thank, appreciate), (take, care), (really, helpful) prosocial
Test Review (problem, solving), (positive, rational), (impulsive, avoidant), (positive, negative), (high, positive),  insight 1.72%(196)

(rational, impulsive), (negative, orientation), (negative, rational), (approach, problem), (one,

questionnaires), (positive, orientation), (five, dimensions)

None -

- 21.57%(3,111)

Table 5: Overview of strategies and their most frequent bigrams and LIWC features with distribution. (Note that the
distribution percentages do not sum to 100% because the classification was multi-label: a single utterance could be

assigned both a PS Core and a Facilitative strategy.)

-;g), Problem-solving Positive Mindset, Autonomy
I Defining Problems and Goals, Directive
i Generating Alternative Solutions Non-Directive
8 Outcome Prediction and Planning
r&j Trying Out Solution Plan|
0 0.5 1
Ratio(%)

Figure 2: Distribution of Autonomy in PS Core

of emotion and feeling. Outcome Prediction and
Planning uses “pros cons” and “solve problem”,
emphasizing consequence evaluation. The preva-
lence of LIWC'’s risk and focus future reinforces a
forward-thinking approach in decision-making.
On the Facilitators side, the bigrams highlight
how therapists build rapport and guide session flow.
In ‘Therapeutic Engagement’, phrases like “really
good” use affirming language to foster a support-
ive, collaborative atmosphere, helping clients feel
understood. ‘Social Courtesies,” with phrases like
‘thank much’ and ‘look forward,” add warmth to
interactions, maintaining a respectful and friendly
tone. The top LIWC features, emotion and proso-
cial, reflect the positive social behaviors therapists
use to foster mutual respect and connection. Mean-
while, in ‘Test Review’, more formal words like
“positive rational” and “impulsive avoidant” suggest
an analytical approach, where therapists review the
client’s PST test results in a structured, evaluative
manner (See Appendix F for more information).

4.5 Strategy Progression in Therapy Sessions.

We analyzed how strategies progress across three
different visits of caregivers in our dataset. In Fig-
ure 6, early sessions focus on enhancing ‘Problem-

1%}
Q
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[ . Directi
& Test Review, Ireml\./e .
- Non-Directive
2 Social Courtesies
©
3(—56 Therapeutic Engagement
w

Q Q{o N
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Figure 3: Distribution of Autonomy in Facilitators

Solving Mindset’ (Step One) and ‘Defining Prob-
lems and Goals’ (Step Two), indicating that the
initial phase of therapy is centered on improving
caregivers’ mindsets and helping them define the
challenges they face. As therapy progresses into
the second and third visits, there is a shift towards
more advanced strategies such as ‘Generating Al-
ternative Solutions’ (Step Three) and ‘Outcome
Prediction and Planning’ (Step Four), showing that
the focus moves towards exploring possible solu-
tions and planning for their implementation. In the
final phase (Visit Three), the ‘Trying Out Solution
Plan’ (Step Five) becomes prominent, indicating a
transition to applying and testing solutions in real
life. Figure 7 shows the consistent use of Facil-
itative strategies like ‘“Therapeutic Engagement,’
‘Session Management,” and ‘Social Courtesies,’ re-
inforcing their essential role throughout therapy.
However, ‘Test Review’ is more frequent in Visit
One, reflecting the therapist’s focus on reviewing
the client’s test results taken prior to starting the ses-
sion before progressing to intervention. This early
emphasis lays the groundwork for later sessions.
These patterns further validate the effectiveness of
our classifier.
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5 Discussion

Model Performance and the Need for Open-
Source Improvements. Our results show that GPT-
40 outperformed GPT-4 and open-source models in
annotating therapeutic strategies, achieving an F1
score of 0.76 without supplemental context. While
Yi had the lowest entropy, GPT-40 showed greater
reliability, highlighting the trade-off between per-
formance stability and model reliability in men-
tal health applications. Despite GPT-40’s success,
improving open-source models is crucial for en-
hancing accuracy, accessibility, and competition in
healthcare Al. From an ethical perspective, open-
source models promote transparency and account-
ability, ensuring that healthcare Al advancements
benefit a broader community and expand access to
high-quality mental health resources, unlike propri-
etary models, which can limit access and obscure
critical decision-making processes (Welsh et al.,
2024).

Improving LLMs for Emotional and Social Un-
derstanding. GPT-40 excelled in labeling struc-
tured, goal-oriented PS core strategies, achieving
high precision and recall. This highlights LLMs’
strength in processing clear, task-oriented language.
However, GPT-4o struggled with Facilitative strate-
gies such as ‘Session Management’ and ‘Social
Courtesies’, which rely on emotional and social
cues. This underscores a key limitation: while
LLMs handle problem-solving tasks well, they
struggle with the nuances of interpersonal com-
munication, lacking the ability to interpret human
emotions accurately. These challenges arise from
implicit, context-dependent interactions, which
LLMs often misinterpret, sometimes displaying an
over-realistic sense of empathy (Sorin et al., 2023;
Roshanaei et al., 2024). To improve effectiveness
in therapeutic settings, future work should refine
LLMs using expert-in-the-loop systems, allowing
for real-time human feedback to enhance emotional
and social cue recognition (Afzal et al., 2024; Sun
et al., 2023).

Efficient and Privacy-Conscious Therapy Anno-

Therapeutic Engagement 50%
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Session Management :
Test Review| '

Social Courtesies| :
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Percentage of Metaphor Use

Facilitative Strategies

Figure 5: Proportion of Metaphors in Facilitators

tation. Our fine-tuned transformer-based models
show the effectiveness of the distillation (student-
teacher) method, achieving strong performance.
ModernBERT outperformed our second-best LLM,
GPT-4, with an overall F1 score of 0.71. It achieved
0.8 F1 in PS Core strategies, while DeBERTa spe-
cialized in Facilitative strategies, reaching an F1
score of 0.73. This suggests that smaller models
can effectively annotate distinct therapeutic strate-
gies, offering a scalable and efficient alternative
for therapy content analysis. Additionally, these
models provide a privacy-conscious solution for
processing sensitive therapy data, ensuring confi-
dentiality and trust in digital therapeutic environ-
ments (Shah et al., 2022).

How PST is Delivered. Beyond classifying strate-
gies, understanding how therapists apply thera-
peutic tools like autonomy, self-disclosure, and
metaphor offers deeper insight into PST’s com-
munication dynamics. In early PS Core stages,
therapists favor non-directive language to foster
client exploration, shifting to directive language
later for clarity and structure, aligning with a client-
centered problem-solving approach (Nezu et al.,
2012). Examining question types and autonomy,
we found that some closed-ended questions still
encouraged elaboration, which our domain expert
termed “imposters.” For example, “Do you have
any questions about what we’ve gone over or for
this process?”, though closed-ended, it invites fur-
ther discussion, blurring the line between directive
and non-directive communication. This suggests
that therapists sometimes frame questions strategi-
cally to encourage deeper engagement, even when
using traditionally restrictive formats.

Therapists also use non-immediate self-
disclosure strategically and selectively, as reflected
in the low frequency of such utterances in our
dataset. In Facilitators, self-disclosures often in-
volve personal anecdotes to build rapport, whereas,
in PS Core, they serve a more functional role,
modeling problem-solving strategies for clients.
This finding is supported by previous work (Knox
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and Hill, 2003) which identified similar patterns of
strategic disclosure timing and emphasized how
self-disclosure can serve as different functions
at different stages of therapy. Metaphors help
illustrate ideas and enhance emotional connection
in Therapeutic Engagement (Lyddon et al., 2001;
Tay, 2014), while in PS Core strategies, they help
conceptualization and creativity. However, they
decline in action-oriented phases, where direct
communication becomes essential. Therapists
adapt their language to session goals, fostering
exploration early on and shifting to structured,
goal-driven communication as therapy progresses.
Broader Implications. Our model has meaning-
ful real-world applications for PST practice and
documentation. It can assist in annotating and ana-
lyzing therapy sessions, helping document which
PST strategies were employed and how effectively
they were implemented, and serving valuable ed-
ucational purposes for therapists-in-training. As
LLM-assisted therapy models become more preva-
lent, our work provides important guidance for
human-AlI collaborative approaches. By identify-
ing which PST strategies are most crucial and how
they should be properly sequenced for building
client rapport, we can better inform the develop-
ment of LL.M-assisted therapy systems where hu-
man therapists remain in the loop. This allows for
more effective integration of Al support tools while
maintaining the essential human element of thera-
peutic relationships. The model can also serve as
an evaluation framework for assessing whether Al-
assisted therapy is appropriately implementing PST
strategies and maintaining therapeutic alliances
through their interactions.

6 Conclusion
This study highlights the potential of LLMs like
GPT-40 for effective annotation of therapeutic di-
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Figure 7: Distribution of Facilitators in three visits

alogues. GPT-40 achieved a notable F1 score of
0.76, with a low entropy value of 0.035, demon-
strating its efficiency and reliability in categorizing
PST strategies. We fine-tuned transformer-based
models on a sample of 5,000 therapist utterances an-
notated by GPT-40 and showed that ModernBERT
exceeded the performance of our second-best LLM,
GPT-4, showcasing the effectiveness of using LLM-
generated annotations to fine-tune smaller, domain-
specific models. We also expanded the PST code-
book to include a new Facilitators dimension, en-
riching our analysis of therapist-client interactions.
We also analyzed Therapeutic Dynamics (auton-
omy, self-disclosure, and metaphor) and linguis-
tic patterns in our data to better understand ‘how’
PST strategies are used and in what contexts. Our
findings showed that all models performed better at
identifying ‘PS Core’ strategies, indicating a strong
capability in recognizing structured therapeutic el-
ements. Our research offers valuable insights into
enhancing technology integration in mental health
care, aiming to make therapeutic interventions both
more accessible and more effective.

7 Limitations

Our study has several limitations, including the de-
pendence on ‘transcribed’ therapy sessions, which
may not fully capture the dynamic aspects of live
interactions such as tone and non-verbal cues. The
use of LLMs like GPT-40 and GPT-4 introduces
potential biases from their internet-based training
data, impacting the interpretation of therapeutic
strategies. Furthermore, our analysis is solely
based on English-language data, which limits the
model’s applicability in non-English-speaking con-
texts. These limitations highlight the technology’s
current stage and its focus on textual analysis, ex-
cluding the broader emotional and psychological
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facets of therapy sessions.

In addition, we only focus on PST-related frame-
work and analysis which may not be generaliz-
able to other therapeutic methods like cognitive-
behavioral therapy (CBT) or interpersonal therapy
(IPT). These methods may involve different com-
munication styles and dynamics that the LLMs we
used may not accurately interpret. Future work will
analyze the adaptability of our model for broader
therapy analysis. Additionally, cultural and contex-
tual differences in therapy could further limit the
model’s applicability across diverse mental health
settings. Future research could address this by test-
ing the models in a broader range of therapeutic
approaches and contexts.

Finally, we did not compare our results with any
LLM-generated therapy data, which could offer
a valuable comparison between real-world thera-
peutic interactions and simulated data produced by
LLMs. Our focus is exclusively on the character-
istics of authentic, real-world data from therapy
sessions. Future research could explore this com-
parison, examining how well LLM-generated inter-
actions align with or diverge from real-world thera-
peutic PST dialogues, potentially offering insights
into improving the practicality and effectiveness of
Al-driven interventions in mental health care.

8 Ethical Considerations

We are collaborating with a team of PST experts
who were in charge of collecting and transcrib-
ing the data. We only have access to secondary
data, and the primary data was collected as part
of a larger task approved by the primary institu-
tion’s review board (Demiris et al., 2019). As a
result, we do not have access to any identifiable
information about the clients or therapists. We un-
derstand that using anonymized therapy data raises
concerns regarding privacy and the potential for re-
identification of people involved in these sessions.
We ensured that all data used in our analysis was
thoroughly cleaned, with the help of our collabora-
tors, and that strict measures were put in place to
remove any remaining information from the tran-
scriptions.

The application of LLMs in healthcare, partic-
ularly in sensitive areas like therapy, necessitates
careful consideration of their implications. Ensur-
ing responsible development and use of Al tech-
nologies in mental health care is crucial, requiring
vigilance for biases, stakeholder engagement, and

strong safeguards to maintain patient confidential-
ity and the integrity of the therapeutic process. This
paper does not endorse the use of LLMs in thera-
peutic settings, nor does it claim that they are ready
for such applications. Rather, our goal is to sys-
tematically evaluate the behavior of current LLMs
when applied in therapeutic contexts. The use of Al
in mental health care raises ethical concerns about
automating therapy. Al tools, like LLMs, should
assist rather than replace therapists, ensuring they
do not undermine the personal, empathetic nature
of therapy, which is crucial for effective treatment.
While Al can provide useful insights, therapists
must remain the primary decision-makers, as Al
cannot (yet) fully grasp the complexities of human
behavior and emotions as shown in our results and
other related work. Accountability should always
rest with human professionals to preserve the in-
tegrity and effectiveness of mental health care.
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A Therapists Strategies

Table 6 presents the final list of therapist strategies
for PST, with definitions and examples for each
category.
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Category  Strategy

Definition

Example

Problem-solving Positive
Mindset (Step One)

Defining Problems and
Goals (Step Two)

Generating  Alternative
Solutions (Step Three)

Outcome Prediction and
Planning (Step Four)

PS Core

Trying Out Solution Plan
(Step Five)

Strategies building a positive approach towards
challenges, emphasizing optimism and emotional
awareness.

Setting achievable goals and identifying factual
problems while recognizing obstacles.

Brainstorming solutions, differentiating between
strategies, and encouraging open idea exploration.

Narrowing down solutions, assessing impacts, and
creating an action plan.

Implementing and assessing the solution strategy,
troubleshooting, and acknowledging successes.

“uh, they suggest trying to think of prob-
lems as challenges rather than threats.”

“Are there any obstacles to those goals?
Can we list anything that is getting in the
way?”

“So let’s brainstorm some specific strate-
gies and tactics for how you can make
that happen.”

“Working through this worksheet...short-
term personal consequences of self-care
are pretty positive, right?”

“Then just monitoring your outcomes.
Has the problem improved in some
ways?”

Social Courtesies*

Session Management*

Facilitators

Therapeutic
ment*

Engage-

Test Review™*

Polite, surface-level interactions like greetings,
small talk, and farewells to create a friendly at-
mosphere.

The therapist provides guidance on session logis-
tics, manages time, keeps discussions on track,
and helps plan future sessions.

The therapist shows attention, validates emotions,
offers support, reflects feelings, praises strengths,
and provides comfort or personal insight.

The therapist explains the PS Test and reviews
the client’s results across five dimensions: posi-
tive/negative problem orientation, rational, impul-
sive, and avoidant problem-solving styles.

“thank you again for your time today, and
have a really good week.”

“So you got Skype up and running, and
that is so fun!”

“I'm glad it’s starting to show some small
improvements.”

“So positive and rational were your high-
est scores. Your positive was, uh, really,
is almost as high as it could possibly get.”

Table 6: Overview of Therapist Strategies for PST, *denotes newly created codes

B Model Setting

LLM parameters:
max-tokens = 500;

openai-api-version=‘gpt-4o-

‘gpt-4-0125-preview’,

‘meta-1lama/Llama-3.1-70B-Instruct’,

‘@1-ai/Yi-1.5-34B-Chat’

temperature =

C.1 Classification of PST Strategies
C.1.1 Without Context

o; Instruction.

2024-05-13",

You
assistant tasked with
therapist’s behavior.

categorize the therapist’s behavior using
a list of strategies provided below.

are a

highly helpful
annotating the
Your role is to

Transformer-based Models Parameters: We
fine-tuned each model using the Adam op-
timizer with the following hyperparameters:
learning_rate=2e-5,

batch_size=8,

num_train_epochs=3,

weight_decay=0.01.

The models used were:
DeBERTa:microsoft/deberta-v3-base,

MentalBERT:mental/mental-bert-base-uncased,

FlanT5:google/flan-t5-base,
ModernBERT : answerdotai/ModernBERT-base.

C Prompts

In this section, we present the specific prompt used
to obtain annotations from LLMs (the few-shot
examples are not included here).

Your Task: Select one strategy from
the ‘PS core’ category and one strategy
from the Facilitators category that best
aligns with the therapist’s utterance. If
none of the strategies are applicable,
return ’None’ for that category.

Definition. Definitions of Therapist’s
Strategies for Problem-Solving Therapy:
PS core Strategies: 1- Problem-solving

Positive Mindset: Techniques that
foster a positive outlook, such
as promoting optimism, reframing

negative thoughts, visualizing success,

practicing gratitude, mindfulness,
positive self-talk, and emotional
awareness. 2- Defining Problems and
Goals: Identifying clear, achievable
goals, recognizing obstacles, and
determining which specific issues to
address in therapy. 3- Generating

Alternative Solutions: Brainstorming a
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variety of solutions without judgment,

distinguishing between strategies
and tactics, and encouraging open
exploration of ideas. 4- OQutcome
Prediction and Planning: Narrowing
down solutions, evaluating their
impact (personal, social, temporal),
and creating a detailed action plan
for implementation. 5- Trying Out
Solution Plan: Implementing the
solution, assessing its effectiveness,
troubleshooting issues, seeking support,
and acknowledging successes in the
process.

Facilitative Strategies: 6- Social
Courtesies: Engaging in polite, yet

somewhat superficial social interactions
like greetings, small talk (e.g.,
asking about the weather or weekend
plans), thanking the client for their
time, and saying goodbye. 7- Session
Management: Managing session logistics,
such as informing the <client about
session length, guiding the direction
of the conversation, refocusing when

off-topic, or scheduling future sessions.

8- Therapeutic Engagement: Actively
listening, validating the client’s
feelings, providing emotional support,
recalling previous information shared
by the «client, reflecting emotions,
normalizing experiences, commenting on
client strengths, offering personal
disclosure, and offering
9- Test Review: Discussing the
client’s Problem-Solving Test results,
explaining the test, and reviewing five
problem-solving dimensions: positive
problem orientation, negative problem
orientation, rational style, impulsive
style, and avoidant style.

C.1.2 With Context

Instruction. You are a highly helpful
assistant tasked with annotating the
therapist’s behavior. Your role is to
categorize the therapist’s behavior using
a list of strategies provided below.
Your Task: Select one strategy from
the PS Core category and one strategy
from the Facilitators category that best
aligns with the therapist’s most recent

comfort.

utterance. You are also provided with
the last two utterances: the therapist’s
previous utterance and the client’s
previous utterance. You should use only
these two previous utterances as context,
but for annotation, you should focus only
on the most recent therapist’s utterance.
If none of the strategies are applicable,
return ’None’ for that category.

Definition. The definition is the same as when
context is not provided.

C.2 Extracting Domain Specific Features

Prompt. You are a helpful assistant
tasked with analyzing a therapist’s
utterances in a problem-solving therapy
session. Your goal is to assess the
utterances for the following aspects:
1. Autonomy-Supportive Language Output
Labels: “Directive”, “Non-Directive”,
or “N/A”. Definitions: - Directive: -
Focuses on the therapist’s goals, plans,
or strategies for the client. - Therapist
explicitly tells the client what to do
or prescribes a solution. - Prioritizes
achieving a specific outcome, often
determined by the therapist. - May
reflect the therapist’s beliefs, goals,
or values rather than the client’s. -
Frequently uses closed-ended or leading
questions to guide the client toward a
particular answer or decision. - Provides
answers, advice, or logical consequences
rather than encouraging exploration. -
Non-Directive: - Focuses on the client’s
goals, values, and intrinsic motivations.
- Encourages the client to explore their
thoughts and emotions freely without
being led toward a specific conclusion.
- Gives the client control over the
direction of therapy and supports their
decision-making process. - Avoiding
judgment or imposition of therapist’s
opinions. - Uses open-ended questions
to encourage self-reflection and insight.
- Attends to the client’s feelings
and underlying experiences, fostering
understanding and autonomy. - Accepts
and explores resistance as part of
the process, fostering collaboration to
address challenges.
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2. Self-Disclosure Output Labels:
“Immediate”, “Nonimmediate”, or “N/A”.
Definitions: Self-disclosure refers to
instances when the therapist intentionaly
shares personal information, experiences,
or feelings with the client. - Immediate
Self-Disclosure: Sharing personal
thoughts, feelings, or reactions related
to the ongoing therapeutic interaction. -
Nonimmediate Self-Disclosure: Discussing
past experiences, personal anecdotes, or
biographical information unrelated to
the immediate session.

3. Open vs. Closed Questions Output
Labels: “Open-Ended”, “Closed-Ended”,
or “N/A”. Definitions: - Open-Ended
Questions: Questions that encourage
detailed, thoughtful, and expansive
responses. These questions often begin
with “how,” “what,” “why,” or “tell
me about” and invite the client to
explore their thoughts and feelings
freely. - Closed-Ended Questions:
Questions that elicit specific, often
short responses such as “yes,” “no,” or
concise information. These questions are
structured and limit the scope of the
client’s answer. N/A: Use this label if
the utterance does not fit into either
category.

4. Metaphors: Output Labels: “yes,
<reasoning for metaphor detection>” (for
use of metaphor) or “no” (for no use
of metaphor). s Definition: According
to conceptual metaphor theory, metaphor
facilitates a mapping of attributes or
characteristics from source domain to
target domain. For example, the word
“invested” in the sentence “I have
invested a lot of time in her” is
a metaphorical expression. The source

domain implied by this metaphor is
the domain of money and the target
domain implied by this metaphor is
the domain of time. Based on the

above information, decide whether this
utterance uses metaphor in it and mention

the phrase, source and domain of the
metaphor.

Required Output Format (JSON) :
{ “autonomy”: “<string>”,
“self_disclosure”: <integer>,

“question_type”:
“<string>” }

“<string>”, “metaphor”:

D Detailed Results of Classification
D.1 LLM Classification Results

The detailed classification results for each strat-
egy, based on the F1-scores of different LLMs, are
presented in Table 7.

D.2 Fine-tuned Models Classification Results

The detailed classification results for each strat-
egy, based on the F1-scores of different fine-tined
transformer-based models, are available in Table 8.

E Question Type vs. Autonomy

Figure 8 shows the co-occurrence matrix between
question type and autonomy labels.

Percentage (%)

80

60

Autonomy

Question Type

Figure 8: Co-occurrance of Question Type and Auton-
omy Labels

F LIWC Results

Figures 9 and 10 present the co-occurrence of each
strategy with the selected LIWC features.
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Strategies GPT-4 GPT-40 Llama Yi

Problem-solving Positive Mindset ~ 0.83 0.85 0.76  0.75
Defining Problems and Goals 0.73 0.79 0.72  0.63
PS Core  Generating Alternative Solutions 0.74 0.79 0.62 048
Outcome Prediction and Planning  0.74 0.84 0.67  0.50

Trying Out Solution Plan 0.89 0.80 0.75 040
Social Courtesies 0.75 0.73 0.58  0.67
Session Management 0.72 0.68 0.61 0.61
Facilitators Therapeutic Engagement 0.57 0.80 0.69 0.64
Test Review 0.89 0.92 0.79  0.70
None 0.61 0.62 028  0.27
weighted avg 0.68 0.76 0.61 0.56

Table 7: Fl-scores of different LLMs for each strategy (without context)

Strategies DeBERTa MentalBERT ModernBERT FlanT5
Problem-solving Positive Mindset 0.81 0.78 0.85 0.76
Defining Problems and Goals 0.80 0.79 0.86 0.79
PS Core  Generating Alternative Solutions 0.73 0.70 0.74 0.75
Outcome Prediction and Planning 0.73 0.77 0.71 0.70
Trying Out Solution Plan 0.80 0.89 0.67 0.40
Social Courtesies 0.73 0.67 0.68 0.68
Session Management 0.66 0.63 0.67 0.62
Facilitators  Therapeutic Engagement 0.70 0.68 0.70 0.69
Test Review 0.83 0.79 0.79 0.80
None 0.41 0.53 0.58 0.50
weighted avg 0.68 0.68 0.71 0.67

Table 8: Fl-scores of different fine-tuned models for each strategy
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Figure 9: Co-Occurrence of PS core Strategies with Selected LIWC Features
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Figure 10: Co-Occurrence of Facilitative Strategies with Selected LIWC Features
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