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RESEARCH ARTICLE

AI meets psychology: an exploratory study of large language models’ 
competence in psychotherapy contexts
Kean Sian Tan a, Matti Cervin b, Patrick Leman a*, Kristopher Nielsen c, 
Prashanth Vasantha Kumard and Oleg Medvedev a

aSchool of Psychological and Social Sciences, University of Waikato, Hamilton, New Zealand; bThe Child and Adolescent Psychiatric 
Clinic, Lund University, Lund, Sweden; cSchool of Psychology, Te Herenga Waka–Victoria University of Wellington, Wellington, New 
Zealand; dSchool of Healthcare Sciences, National University of Malaysia, Kuala Lumpur, Malaysia

ABSTRACT
The increasing prevalence of mental health problems coupled with limited access to 
professional support has prompted exploration of technological solutions. Large 
Language Models (LLMs) represent a potential tool to address these challenges, yet 
their capabilities in psychotherapeutic contexts remain unclear. This study examined the 
competencies of current LLMs in psychotherapy-related tasks including alignment with 
evidence-informed clinical standards in case formulation, treatment planning, and 
implementation. Using an exploratory mixed-methods design, we presented three 
clinical cases (depression, anxiety, stress) and 12 therapy-related prompts to seven 
LLMs: ChatGPT-4o, ChatGPT-4, Claude 3.5 Sonnet, Claude 3 Opus, Meta Llama 3.1, 
Google Gemini 1.5 Pro, and Microsoft Co-pilot. Responses were evaluated by five 
experienced clinical psychologists using quantitative ratings and qualitative feedback. 
No single model consistently produced high-quality responses across all tasks, though 
different models showed distinct strengths. Models performed better in structured tasks 
such as determining session length and discussing goal-setting but struggled with 
integrative clinical reasoning and treatment implementation. Higher-rated responses 
demonstrated clinical humility, maintained therapeutic boundaries, and recognised 
therapy as collaborative. Current LLMs are more promising as supportive tools for 
clinicians than as therapeutic applications. This paper highlights key areas for develop
ment needed to enhance clinical reasoning abilities for effective mental health use.
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The prevalence of mental health disorders such as depression, anxiety, and stress-related disorders repre
sents a significant global health challenge, affecting populations across all cultural and socioeconomic 
contexts. According to the (WHO, 2022), approximately 970 million people worldwide were living with 
a mental disorder in 2019. This figure represents nearly one in eight people globally, highlighting the 
pervasive nature of mental health issues. Depression and anxiety-related disorders, two of the most 
common types of mental disorders, affected an estimated 280 million and 301 million people respectively 
in 2019, with many individuals experiencing both conditions simultaneously (WHO, 2020). A cross- 
national analysis of population studies estimated that around half of the population is expected to develop 
at least one mental health disorder by the age of 75 (McGrath et al., 2023). Even more striking, longitudinal 
research following individuals from birth has found substantially higher rates, with 86% of people devel
oping at least one mental disorder by age 45 (Caspi et al., 2020). These findings suggest that the lifetime risk 
of developing mental illness is substantially higher than previously recognised, pointing to a pervasive 
public health challenge with far-reaching implications for individuals and society as a whole.

The widespread prevalence of mental health disorders translates into substantial economic conse
quences, affecting individuals, healthcare systems, and national economies. Mental health disorders now 
rank among the top ten causes of global health burden, with depression projected to become the leading 
cause in terms of disability-adjusted life years in the future (Alize et al., 2022). A report by the Lancet 
Commission on global mental health and sustainable development estimated that mental disorders could 
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cost the global economy up to $16 trillion between 2010 and 2030 (Patel et al., 2018). This cost is attributed 
to direct healthcare expenses and indirect costs such as lost productivity and disability (Patel et al., 2018).

Despite the growing prevalence of mental health issues, significant barriers persist in accessing mental 
health care worldwide. A primary obstacle is the widespread shortage of trained mental health professionals. 
The Mental Health Atlas 2020 by World Health Organization reports that globally there are fewer than three 
mental health workers per 100,000 people in low and middle-income countries, and fewer than 11 per 
100,000 in upper-middle-income countries (WHO, 2020). Even in high-income countries, the ratio only 
reaches 55.3 mental health professionals per 100,000 population, highlighting the global scarcity of mental 
health resources. This shortage is particularly acute in rural and remote areas where geographical barriers 
create additional challenges in accessing specialist care (Kulshrestha & Shahid, 2022). Another common 
barrier is long waitlists, a direct consequence of resource shortage, which have significant implications for 
treatment efficacy. Every-Palmer et al. (2022) found that longer waiting times for mental health treatment 
were associated with poorer clinical outcomes and increased risk of treatment dropout. The delay in 
receiving care exacerbates symptoms and, in severe cases, results in crises that could have been prevented 
with timely intervention (Every-Palmer et al., 2023).

Moreover, the need for personalised and culturally appropriate care presents another significant chal
lenge in mental health service delivery worldwide. Research consistently shows that positive recovery 
outcomes require interventions tailored to individual cultural backgrounds and worldviews (Çam & 
Uğuryol, 2019; Griner & Smith, 2006; Hall et al., 2016; Scoles, 2022). However, healthcare systems globally 
often lack the resources and flexibility to provide such personalised care at scale. For example, in Aotearoa 
New Zealand, Pasifika communities struggle to receive mental health services congruent with their own 
cultural worldviews (Kapeli et al., 2020). Furthermore, stigma continues to be a pervasive barrier to seeking 
mental health care (Goetter et al., 2020). Kulshrestha and Shahid (2022) posit that stigma prevents 
individuals from seeking help and impacts the quality of care received when they do seek help. This stigma 
can be particularly pronounced in certain cultural contexts or marginalised groups, creating additional 
barriers for specific populations (Kapeli et al., 2020).

In light of the significant challenges in mental health care, the integration of artificial intelligence (AI), 
particularly Large Language Models (LLMs), represents a promising advancement in addressing the 
growing demand for mental health services (Banerjee et al., 2024; Lawrence et al., 2024). LLMs, an advanced 
form of generative AI, are trained on vast amounts of textual data, enabling them to generate human-like 
text across various domains based on statistical pattern recognition, which to human users may appear as 
comprehension (Naveed et al., 2024). Prominent examples of contemporary LLMs include OpenAI’s GPT 
(Generative Pre-trained Transformer) series, Google’s Gemini, Meta’s Llama and Anthropic’s Claude. 
These models offer several advantages in addressing mental health care barriers: they transcend time and 
geographical limitations through internet accessibility (Guo et al., 2024), support multiple languages and 
cultural expressions (Open AI et al., 2024c), and reduce stigma in self-disclosure through their nonjudge
mental and supportive interaction style (Ma et al., 2023).

Although LLMs are fundamentally generative models that produce text in response to prompts, their 
potential value in mental health contexts lies not in the act of generation itself, but in the quality, coherence, 
and psychological relevance of the responses they generate (Stade et al., 2024). The ability to produce 
meaningful output depends on how effectively the model has internalised language patterns associated with 
empathic communication, supportive dialogue, and contextual reasoning. Such capacities are shaped by the 
nature and scope of the data used during pretraining and refinement (Dam et al., 2024; Ke et al., 2024).

Figure 1 illustrates the basic architecture of a large language model (LLM). The process begins with 
the training data, a vast collection of text from various sources, including books, scientific papers, and 
websites related to both physical and mental health research and practice (Dam et al., 2024; Ke et al.,  
2024; Stade et al., 2024). This data undergoes tokenisation, where the text is segmented into smaller 
units called tokens (Naveed et al., 2024). For example, the phrase “I am feeling overwhelmed” might be 
tokenised into discrete units such as “I”, “am”, “feel”, “ing”, “over”, and “whelmed”, depending on the 
model’s tokeniser (Dam et al., 2024; Patil & Gudivada, 2024). Tokens may represent entire words, 
subwords, or individual characters. These tokens are then passed through an embedding layer, where 
each token is transformed into a dense numerical vector (Naveed et al., 2024). This transformation 
enables the model to process language in a structured, mathematical format, which supports 
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downstream tasks such as attention and prediction. However, tokenisation and embedding may not 
correspond to how humans understand and apply language, as the underlying mechanisms differ 
fundamentally from human cognitive processes. In LLMs, the embedding process enables the model 
to capture statistical relationships between tokens by mapping them into a high-dimensional space, 
allowing it to represent contextual patterns in the input.

At the heart of the LLM is the Transformer Architecture, a neural network framework designed to 
process sequential data (Naveed et al., 2024). A key feature of this architecture is the self-attention 
mechanism, which allows the model to dynamically weigh the importance of different tokens within 
the sequence (Patil & Gudivada, 2024). This enables the model to capture local and long-range 
dependencies in the text, creating more contextually informed representations of the input. The 
multi-head self-attention mechanism simultaneously processes various aspects of the input, further 
enhancing the model’s ability to extract complex patterns (Patil & Gudivada, 2024). The contextual 
information derived from the self-attention layers is then passed through a feed-forward neural 
network (Naveed et al., 2024). This network refines the information, enabling the model to form 
more abstract and generalised representations of the input data. Importantly, this process occurs 
across multiple layers within the transformer, allowing for deeper understanding at each successive 
level of processing.

Once the information has passed through these layers, it reaches the decoding stage. During decoding, 
the model converts its internal representations into a sequence of output tokens, which are then translated 
back into human-readable text (Naveed et al., 2024). This process involves generating the most probable 
sequence of words based on the input to ensure coherence and fluency. The final step is inference, where the 
model produces its output (Naveed et al., 2024). It is important to note that the model’s parameters are 
adjusted during the training phase and no further adjustment occurs during inference, the model generates 
responses solely in accordance with the patterns it has internalised during training (Patil & Gudivada, 2024).

General-purpose LLMs have demonstrated baseline capabilities in mental health contexts. These models 
can recognise emotional tone, answer mental health questions, and offer supportive language to users 
(Banerjee et al., 2024; Carlbring et al., 2023; Chen et al., 2023; Lee et al., 2024). For example, ChatGPT has 

Figure 1. Simplified overview of large language model (LLM) architecture.
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been used to screen for suicide risk based on patient narratives, showing sensitivity to clinically relevant cues 
(Elyoseph et al., 2023).

To enhance LLMs’ performance in mental health applications, researchers often employ domain-specific 
fine-tuning. A notable example is Med-PaLM 2, a medically fine-tuned LLM capable of assessing psychiatric 
disorders from clinical transcripts and explaining its decisions (Galatzer-Levy et al., 2023). The model 
achieved classification accuracy ranging from 0.80 to 0.84 in diagnosing depression, PTSD, and high- 
comorbidity disorders, performing comparably to trained human raters across multiple assessments. 
Although this range does not represent a breakthrough in AI performance, it is broadly consistent with 
benchmark results in mental health prediction (e.g. AUCs of 0.80–0.85 are commonly regarded as strong 
discrimination; Abd-Alrazaq et al., 2022; Rony et al., 2025). Reaching this level of accuracy suggests that 
LLMs can recognise clinically relevant language patterns, including subtle cues linked to psychiatric 
symptoms and diagnostic reasoning. However, research consistently shows that further improvements in 
accuracy and reliability often depend on greater human involvement, such as fine-tuning with domain- 
specific text or incorporating expert-in-the-loop feedback (Al-Turki et al., 2024; Yu & McGuinness, 2024).

Furthermore, LLMs have shown promise in certain narrow tasks, sometimes even matching or exceeding 
human clinicians within those constrained domains. Kim et al. (2024) found that LLMs demonstrated 
superior diagnostic accuracy for Obsessive-Compulsive Disorder (OCD) compared to medical and mental 
health professionals. In text-based emotion recognition, Elyoseph et al. (2023) demonstrated that ChatGPT 
exhibited a significantly higher ability to identify others’ emotions than the general population, suggesting 
potential applications for enhancing therapists’ emotional vocabulary and recognition skills during assess
ments. Similarly, Sufyan et al. (2024) found that some LLMs, particularly ChatGPT-4 and Bing, out
performed psychologists on text-based social intelligence tasks, indicating potential to support 
counselling and psychotherapy.

Despite these promising applications, the use of LLMs in mental health care also presents significant 
challenges. The “black box” nature of these models raises questions about reliability and consistency in 
offering high-quality and safe responses in clinical settings (Bill & Eriksson, 2023; Chiu et al., 2024; Wang 
et al., 2024). Another essential issue in applying LLMs to mental health care is privacy and data security, 
particularly given the sensitive nature of information exchanged between clients and therapists (Dam et al.,  
2024; Fiske et al., 2019). As research in this field progresses, we are seeing increasingly sophisticated 
applications of LLMs in mental health care, such as predicting one’s mental health state via online text 
(Xu et al., 2023). However, there remains a need for rigorous evaluation of these models and the safety issues 
they give rise to as they continue to evolve.

Therefore, the present study aimed to evaluate the leading LLMs’ capabilities to engage in psychother
apy-related tasks to answer the following research question: How effectively can current leading LLMs 
perform in textual simulations of therapeutic scenarios, and how do their responses align with evidence- 
informed clinical practice standards? Our research objectives were threefold: (1) to assess the therapy- 
related competency of seven prominent LLMs across a range of therapeutic scenarios, (2) to identify 
patterns in their strengths and weaknesses in therapeutic contexts, and (3) to evaluate the ethical implica
tions and potential risks associated with their use in personal mental health care. The significance of this 
research lies in its potential to inform the development and application of LLMs in mental health care. As 
healthcare systems worldwide face increasing demand for mental health services, the possibility of engaging 
AI to expand access to and improve mental health care delivery is compelling. However, the integration of 
such powerful technologies into the sensitive domain of mental health must be approached with caution 
and be informed by empirical evidence.

Method

Objects of study

We selected seven LLMs based on their prominence and frequent usage in the current LLM landscape, 
including OpenAI ChatGPT-4 (Open AI, 2024b), OpenAI ChatGPT-4o (Anthropic, 2024a), Anthropic’s 
Claude 3.5 Sonnet (Anthropic, 2024b), Anthropic’s Claude 3 Opus (Anthropic, 2024a), Meta Llama AI 3.1 
(Meta, 2024), Google Gemini 1.5 Pro (Google, 2024), and Microsoft Copilot (Microsoft, 2024). All LLMs 
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were the most up-to-date versions available at the time of data collection in July 2024. Some models from 
the same providers (e.g. ChatGPT-4 and ChatGPT-4o, Claude 3.5 Sonnet and 3 Opus) were included to 
compare different versions or capabilities within the same family of models for suitability in a therapy 
context.

Procedure

This study employed an exploratory mixed-methods design to investigate the potential effectiveness of 
LLMs in providing therapy-related responses. We presented three clinical cases to seven different LLMs, 
along with a set of 12 therapy-related prompts for each case. The LLM responses were then evaluated by 
experienced clinical psychologists using both quantitative ratings and qualitative feedback.

The three clinical cases were obtained from textbooks and journals, featuring common mental health 
problems (see Supplementary Material 1 for full case descriptions). Case 1 described a woman with 
depressive symptoms (Gilbert, 2016). Case 2 featured a man with social anxiety (Baumgardner & Benoit 
Allen, 2024), and case 3 described work and marriage stress resulting in burnout (Pines, 2002).

In addition, we developed a set of 12 therapy-related prompts designed to assess various aspects of 
therapeutic interaction (see Supplementary Material 2 for the full list of prompts). Half of the prompts were 
developed according to the framework of evidence-informed standards of clinical practice, including the 
process of case formulation, treatment planning, and treatment implementation (Christon et al., 2015; Page 
et al., 2008). Other prompts assessed knowledge of optimal treatment length and goal-setting (Lindhiem 
et al., 2016). Lastly, the LLMs were requested to role-play the first therapy session with a client and offer 
recommendations for coping strategies tailored to the client’s presented problems. The goal of these 
prompts was to understand how well LLMs perform in basic therapy competency and their ability to 
offer evidence-based suggestions tailored to common mental health challenges and symptoms.

The data collection process involved a systematic presentation of cases and prompts to the selected LLMs. 
We used a zero-shot approach without fine-tuning any models as we aimed to test the models’ initial 
capacity at the current level of development. Each of the seven LLMs was presented with the three clinical 
cases, accompanied by a set of 12 therapy-related prompts for each case. The process began with the 
prompt, “I am a psychologist, and I have a client described below. Please help me with case formulation for 
this client.” This initial prompt was followed by the remaining 11 prompts, maintaining consistency across 
all models and cases (Supplementary Material 2).

After receiving and saving responses from all LLMs in an Excel file, we compiled and transferred these 
responses to the Qualtrics platform. To mitigate potential biases and ensure a fair evaluation process, the 
LLM responses were assigned a randomised numerical label and presented to the evaluators in 
a randomised order. This randomisation served two purposes. It prevented order effects that might 
influence evaluators’ judgements and blinded evaluators to which specific model generated each response.

Once the AI data collection was completed and set up on Qualtrics, we sent emails and information 
sheets to known contacts of registered clinical psychologists, inviting them to be evaluators. Upon agree
ment to evaluate AI responses, evaluators received an evaluation link, copies of the clinical cases, and 
prompts to facilitate their evaluation. To mitigate fatigue, evaluators were encouraged to complete the 
evaluation over multiple sessions. Once they had completed the blinded evaluation, we officially invited 
them for potential collaboration with our research team so we could include their additional insights when 
communicating the overarching patterns in LLM responses and our research findings. The study was 
approved by the lead author’s institutional ethics committee.

Measures

The evaluation process was designed to capture both quantitative assessments and qualitative insights from 
the certified clinical psychologist evaluators. For each LLM response, evaluators were presented with two 
key components. First, they were asked to provide a quantitative rating of each AI response while 
considering the relevant clinical case. The rating used a 5-point Likert scale, where 1 = Unacceptable, 2 =  
Poor or Inadequate, 3 = Acceptable, 4 = Appropriate, and 5 = Very Appropriate. In addition to the numerical 
rating, evaluators were provided with an optional qualitative comment box for each response. It allowed 
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evaluators to offer detailed feedback, explanations for their ratings, or additional observations about the 
strengths and weaknesses of specific LLM responses. By combining quantitative ratings with the option for 
qualitative feedback, our measurement approach aimed to comprehensively evaluate the LLMs’ perfor
mance in simulated therapeutic contexts.

Data analyses

Five male clinical psychologists completed the evaluations, with a mean age of 36.4 years and an average of 
7.3 years of clinical experience. Three were registered in New Zealand, one in Malaysia, and one in Sweden. 
All held at least a master’s degree in psychology with clinical psychology qualifications, and two with 
additional PhDs in psychology. Data analyses were conducted using IBM SPSS version 29.0.2.0. Descriptive 
statistics showed that skewness values ranged from −0.07 to 0.92 and kurtosis values ranged from −0.85 to 
0.35 across the 12 questions (see Supplementary Table S1), indicating approximately normal distribution as 
values fell within the acceptable range of ±2 for both skewness and kurtosis (George & Mallery, 2016). Inter- 
rater reliability was assessed using a two-way random effects model with absolute agreement (Koo & Li,  
2016). The overall inter-rater reliability was poor, ICC(2,1) = .023, 95% CI [−.003, .054]. ICC values across 
cases and models ranged from −.012 to .070, indicating minimal agreement among evaluators regarding the 
quality of AI-generated responses (see Supplementary Table S2).

We then conducted nonparametric Kruskal-Wallis tests to compare performance between models across 
all 12 questions, as this test is specifically designed for comparing ordinal data across multiple independent 
groups without assuming normal distribution. This approach better aligns with the measurement properties 
of our data and provides a more conservative test of differences between models. To control for experiment- 
wise error across multiple comparisons, we applied a Bonferroni correction. With 12 separate tests (one for 
each prompt), we adjusted our significance threshold from α = .05 to α = .004 (.05/12), thereby reducing the 
risk of Type I error.

Results

Results are presented sequentially across the 12 therapy-related prompts to evaluate LLMs’ competencies. 
Kruskal-Wallis test revealed that differences between models across all questions did not reach level of 
statistical significance (see Supplementary Table S3). Although no statistically significant differences were 
observed, these findings should be interpreted cautiously. A non-significant result does not imply that the 
models are equivalent, but rather that the available data did not provide sufficient evidence to detect 
a difference in performance. In contrast, there was a significant effect of evaluator across all 12 questions 
(p < .001), suggesting consistent differences in how evaluators rated LLM responses. Table 1 presents the 
descriptive statistics (mean, standard deviation) for all questions across the seven models. Although no 
models consistently achieved ratings above the acceptable level (3.0), several models approached this 
threshold in specific therapeutic tasks. In addition to means and standard deviations, the medians and 
interquartile ranges for each question across all models are reported in Supplementary Table S4.

Question 1 requested models to help with case formulation based on the provided clinical case. No model 
achieved mean ratings at the acceptable level (3.0), with Opus (M = 2.93; SD = 1.16) and ChatGPT-4 (M =  
2.93; SD = 1.10) approaching the acceptable threshold. Qualitative evaluation: Although all models fell 
below the acceptable rating level, evaluators noted some strengths in specific models. Evaluators valued 
Opus’s broad consideration of biopsychosocial factors and suggested that if used appropriately, this may 
prompt psychologists to explore multiple perspectives. ChatGPT-4 was praised for its epistemic humility, 
explicitly describing its formulation as a “first step” and acknowledging the need for ongoing assessment. 
However, evaluators identified two major limitations across all models. First, models showed a lack of 
specificity in linking presenting problems to psychological mechanisms (e.g. listing biopsychosocial factors 
without demonstrating how these factors interact to explain presenting problems, resulting in descriptive 
rather than explanatory formulations). Second, models appeared to make questionable inferences without 
sufficient explanation (e.g. assuming trauma or attachment issues without supporting evidence).

Question 2 requested models to create treatment planning and measurement. Only ChatGPT-4 (M =  
3.13; SD = 1.13) generated above-acceptable level responses, while other models performed below 
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acceptable level. Qualitative evaluation: Regarding strengths, evaluator responses suggested that ChatGPT- 
4’s higher rating stemmed from its structured approach in suggesting treatment phases with clear goals 
while maintaining acknowledgement of ongoing assessment needs. Gemini was noted for providing more 
selective and targeted interventions with specific rationales, offering a more practical approach than other 
models’ tendency to generate exhaustive lists. In terms of weaknesses, evaluators identified several issues 
across all models. First, models suggested an impractically large number of assessment measures (e.g. six 
questionnaires at each session). Second, the sequencing of interventions often lacked an appropriate clinical 
logic, sometimes giving rise to safety issues. For example, suggesting trauma processing before establishing 
required emotional regulation skills. Third, treatment timelines were frequently described as unrealistically 
brief and optimistic. Most fundamentally, evaluators noted that treatment plans appeared to follow 
a “scatter gun approach” rather than demonstrating careful consideration of individual client circum
stances, resources, and readiness for specific interventions.

Question 3 requested models to implement suggested treatment options. LlaMa achieved the highest 
mean rating (M = 3.33; SD = 0.98), followed by ChatGPT-4o (M = 2.87; SD = 1.06) and Sonnet (M = 2.87; 
SD = .99). Qualitative evaluation: LlaMa’s higher rating was attributed to its “well-structured overview” with 
a comprehensive breakdown of implementation steps, providing clear examples and contextualised ratio
nales. In contrast, lower-rated models demonstrated several limitations. They tended to present generic, 
textbook-style responses that lacked consideration of practical application in context. For example, when 
describing EMDR implementation, these models listed standard protocol steps without addressing timing, 
client readiness, or integration with other therapeutic elements.

Question 4 requested models to recommend the number of therapeutic sessions required and specific 
goals for each session. No models achieved acceptable ratings level. Qualitative evaluation: Evaluators 
identified several fundamental issues across all models. Models proposed unrealistic timelines. For example, 
some LLMs made suggestions such as “25–30 sessions as standard” without clear justification. The 
responses also demonstrated what one evaluator termed “foreclosure on trauma,” prematurely structuring 
interventions without sufficient assessment data. Moreover, models frequently presented overly detailed 
session-by-session goals that failed to account for individual client progress or therapeutic process. As one 
evaluator noted, “entire treatment packages are not steps – over general to the point of being unhelpful.” 
This criticism reflected a broader concern that models were “drawing on a generic CBT style plan rather 

Table 1. Mean rating and SD of appropriateness of AI’s response, across questions 1–12 and overall.

Question 3 Opus
3.5 

Sonnet
ChatGPT- 

4o
ChatGPT- 

4 Co-pilot LlaMa 3.1
Gemini 1.5 

Pro

Q1 (Case Formulation) 2.93 
(1.16)

2.80 (0.86) 2.80 (0.94) 2.93 
(1.10)

2.60 
(0.99)

2.80 
(1.08)

2.67 (0.90)

Q2 (Treatment Planning) 2.73 
(1.34)

2.73 (0.96) 2.53 (0.92) 3.13 
(1.13)

2.87 
(1.25)

2.80 
(1.21)

2.73 (1.16)

Q3 (Treatment Implementation) 2.60 
(1.06)

2.87 (1.06) 2.87 (0.99) 2.80 
(0.94)

2.60 
(1.06)

3.33 
(0.98)

2.60 (0.99)

Q4 (Session Planning) 2.73 
(1.16)

2.67 (0.90) 2.53 (0.92) 2.73 
(1.03)

2.60 
(0.83)

2.67 
(1.05)

2.73 (1.16)

Q5 (Session Duration) 3.27 
(0.96)

3.13 (1.06) 2.93 (0.70) 3.13 
(1.13)

3.07 
(0.96)

3.20 
(0.78)

3.00 (1.00)

Q6 (First Therapy Session Simulation) 2.47 
(1.13)

2.13 (0.92) 2.33 (0.90) 2.60 
(1.35)

2.40 
(0.91)

2.47 
(1.06)

2.40 (1.35)

Q7 (Recommendation for First Presenting Problem) 2.60 
(1.18)

2.80 (0.94) 3.00 (1.13) 3.07 
(0.88)

3.13 
(1.13)

2.93 
(0.80)

2.93 (0.80)

Q8 (Practical Technique Application) 3.07 
(1.10)

2.47 (1.13) 3.07 (0.96) 2.87 
(1.06)

2.93 
(0.88)

3.13 
(0.92)

2.73 (1.03)

Q9 (Recommendation for Second Presenting 
Problem)

2.73 
(1.28)

2.53 (0.99) 2.60 (1.06) 2.67 
(1.05)

2.73 
(1.03)

2.73 
(1.22)

2.87 (0.83)

Q10 (Recommendation for Third Presenting Problem) 2.60 
(0.99)

2.67 (1.11) 2.67 (1.05) 2.73 
(0.88)

2.80 
(1.15)

2.80 
(1.01)

2.67 (1.11)

Q11 (Discuss View on Goal-setting) 3.07 
(1.03)

3.07 (1.10) 3.07 (0.59) 2.87 
(0.92)

3.47 
(0.99)

2.93 
(0.80)

2.87 (0.74)

Q12 (Goal-setting with Client) 2.53 
(0.92)

3.00 (1.13) 2.67 (0.90) 3.07 
(1.10)

2.73 
(0.80)

2.73 
(1.16)

3.07 (1.10)

Overall M(SD) 2.78 
(1.11)

2.74 (1.02) 2.76 (0.94) 2.88 
(1.05)

2.83 
(1.00)

2.88 
(1.02)

2.78 (1.02)

Appropriateness of AI’s response is rated on a scale from 1 (Unacceptable), 2 (Poor or Inadequate), 3 (Acceptable), 4 (Appropriate), to 5 (Very 
Appropriate).
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than developing a formulation-driven approach,” suggesting an overreliance on standardised protocols 
rather than individualised therapeutic planning.

Question 5 requested models to recommend session length for therapy. All models’ responses achieved 
acceptable ratings except for ChatGPT-4o (M = 2.93; SD = 0.70). Opus achieved the highest mean rating (M  
= 3.27; SD = 0.96). Qualitative evaluation: Responses suggested that models achieving acceptable ratings 
demonstrated appropriate clinical judgement by recommending standard 60-minute sessions with allow
ances for longer initial assessment sessions. However, evaluators identified important concerns about 
recommendations for variable session lengths at different treatment phases. Drawing from clinical experi
ence, evaluators emphasised that “maintaining therapeutic boundaries requires consistent 60-minute time
frames” rather than fluctuating durations. Some LLMs’ suggestions for longer sessions towards therapy 
termination were criticised as contradicting typical practice, where clients progress towards greater inde
pendence and require less intensive support.

Question 6 requested models to simulate a first therapy session dialogue as the clinical psychologist. No 
models achieved acceptable ratings level, with ChatGPT-4 (M = 2.60; SD = 1.35) achieving the highest mean 
rating. Qualitative evaluation: Evaluators identified several limitations across all models’ simulated sessions. 
Models consistently neglected essential first-session components such as consent discussions and risk 
assessment, raising significant safety and legal concerns. For example, one evaluator noted, “no simulations 
so far have discussed confidentiality and consent.” Evaluators also highlighted concerns about models using 
unrealistic “artificial-sounding client responses.” As one evaluator noted, “very few clients would be this 
open initially,” pointing to models’ failure to capture authentic therapeutic dialogue.

Question 7 requested models to teach practical techniques for clients to address their primary presenting 
problem. Three models achieved acceptable ratings: Copilot (M = 3.13; SD = 1.13), ChatGPT-4 (M = 3.07; 
SD = 0.88), and ChatGPT-4o (M = 3.00; SD = 1.13). Qualitative evaluation: For the models achieving 
acceptable ratings, evaluators noted their ability to offer helpful techniques such as deep breathing, 
progressive muscle relaxation, three-minute breathing space, mindfulness-based stress reduction (MBSR), 
self-compassion, and urge surfing. However, evaluators still identified areas for improvement across all 
models. While models offered good descriptions of the techniques, they failed to demonstrate how to guide 
clients in practising them. Responses were often “too wordy” and risked overwhelming clients with 
excessive information rather than offering clear, actionable steps. Evaluators emphasised that techniques 
should be “co-constructed” with clients rather than simply “taught.”

Question 8 requested models to specify the temporal duration and practice frequency of their proposed 
therapeutic exercises. Three models achieved acceptable ratings: LlaMa (M = 3.13; SD = 0.92), Opus (M =  
3.07; SD = 1.10) and ChatGPT-4o (M = 3.07; SD = 0.96). Qualitative evaluation: The higher-rated models 
were praised for providing detailed yet concise explanations of the techniques. Evaluators particularly 
appreciated models that included examples of how and when clients can practise these techniques. 
However, evaluators found that models provided overly detailed and prescriptive timing recommendations 
that might overwhelm or confuse clients. Evaluators suggested that simpler, more flexible timing recom
mendations would be more beneficial for the client. For instance, techniques such as STOPP (Stop, Take 
a breath, Observe, Pull back, and Proceed) and urge surfing were described with unnecessarily long 
durations, while these are typically brief techniques that clients can easily incorporate into their day. One 
evaluator also highlighted that models should provide evidence to support their specific timing recommen
dations and better explain the rationale behind suggested durations.

Question 9 requested models to recommend solutions for addressing the second presenting problem in 
each case scenario. No models achieved acceptable ratings, with Gemini (M = 2.87; SD = .83) achieving the 
highest mean rating. Qualitative evaluation: Evaluators noted that all the recommendations were somewhat 
generic and brief. Another common criticism across models was their tendency to provide numerous 
suggestions without clear prioritisation or integration with the case formulation. Notably, evaluators 
observed that models often ignored clients’ existing strengths and resources. For instance, in cases where 
clients already demonstrated good social support, models still recommended basic social skills training.

Question 10 requested models to recommend solutions for addressing the third presenting problem in 
each case scenario. No models achieved acceptable ratings, with means ranging from 2.60 to 2.80. 
Qualitative evaluation: Evaluators consistently identified issues with models’ tendency to artificially separate 
problems and provide disconnected solutions rather than taking an integrated approach. The responses 
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were criticised for being overly general and reactive rather than formulation-driven. Several evaluators 
noted that models sometimes contradicted their earlier suggestions or failed to maintain continuity with 
previously discussed interventions. There was particular concern about models recommending interven
tions like “positive affirmations” without strong evidence bases. Some evaluators also observed that by this 
point in the therapeutic planning, models appeared to be “throwing everything at the wall,” suggesting 
increasingly generic solutions without a clear connection to the client’s specific situation or previously 
identified treatment priorities.

Question 11 requested models to discuss their views on implementing goal-setting in therapy. Responses 
from Copilot (M = 3.47; SD = 0.99) were rated as highest, followed by Opus (M = 3.07; SD = 1.13), Sonnet 
(M = 3.07; SD = 1.10), and ChatGPT-4 (M = 3.07; SD = .59). Qualitative evaluation: The higher-rated mod
els appeared to be valued for acknowledging goal-setting as a collaborative process rather than a purely 
prescriptive one. Evaluators appreciated when models emphasised the importance of client involvement in 
goal development and the need for flexibility in adjusting goals throughout therapy. However, several 
concerns were identified. Models often presented overly structured approaches that might not accommo
date the natural flow of therapy or client readiness for change. As one evaluator noted, “in a clinical setting 
this would be a back and forth between the client and the therapist.” Models also tended to separate shorter 
and longer-term goals artificially without clear consideration of how these goals might evolve through the 
therapeutic process.

Question 12 requested models to facilitate realistic and specific goals for each client to enhance therapy 
effectiveness. Responses from Sonnet (M = 3.00; SD = 1.13), ChatGPT-4 (M = 3.07; SD = 1.10), and Gemini 
(M = 3.07; SD = 1.10) achieved acceptable ratings. Qualitative evaluation: Responses suggested that Gemini, 
Sonnet and ChatGPT-4’s higher ratings were due to their balanced approach in suggesting specific, 
measurable goals while maintaining flexibility. Evaluators valued responses that emphasised the collabora
tive nature of goal-setting and acknowledged the need to adjust goals based on client feedback and progress. 
However, common criticisms included setting unrealistic timelines, suggesting goals that did not align with 
clients’ current capabilities, and failing to sequence goals based on client readiness and resources. As one 
evaluator noted, “the effort to transpose the goals onto the SMART framework (Specific, Measurable, 
Achievable, Relevant, and Time-bound) is appreciated but perhaps not necessary for every single goal.” 
Several evaluators also observed that goals were often presented in a prescriptive manner rather than being 
co-constructed with the client.

Overall, the quantitative analysis revealed that models’ performance varied across the 12 therapeutic 
tasks evaluated. While no significant differences were found between models across all questions, some 
tasks showed notably better performance across models, particularly structured tasks like determining 
session length (Q5) and discussing views on goal-setting (Q11). In contrast, models consistently struggled 
with practical and integrative tasks including: case formulation (Q1), treatment planning (Q2), treatment 
implementation (Q3), first session simulation (Q6), solution recommendations for presenting problems 
(Q7, Q8, Q9, Q10), and goal-setting with clients (Q12). Few or no models reached acceptable ratings for 
these tasks.

The qualitative evaluation by clinical psychologists identified several recurring themes across all models. 
First, models frequently demonstrated an overly prescriptive approach rather than case formulation driven, 
failing to integrate with earlier formulations and not accounting for individual client needs, capabilities, and 
readiness. Second, models made assumptions about clients’ psychological states before collecting additional 
information and provided recommendations without clear rationales. Third, models showed limited ability 
to adapt their responses based on client context, often defaulting to standardised, textbook-style approaches. 
Fourth, responses often lacked practical implementation guidance, providing theoretical knowledge without 
clear application steps or guidance for clients. Finally, responses sometimes contained incorrect informa
tion or suggested interventions without strong evidence bases, raising concerns about client safety.

Discussion

This study set out to evaluate how effectively current leading LLMs could perform psychotherapy-related 
tasks across common mental health presentations. Our most striking finding was that while these AI models 
showed promising capabilities in structured tasks like determining therapy session length and discussing 
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goal-setting approaches, they consistently struggled with clinical reasoning and the dynamic, human aspects 
of therapy that practising clinicians consider essential (Norcross & Lambert, 2018). For example, models 
were able to articulate appropriate views about goal-setting as a collaborative and flexible process, but 
struggled to actually facilitate realistic goals with clients – much like having textbook knowledge without 
practical application.

Looking at overall performance patterns, our analyses revealed no statistically significant differences 
between models across all questions, suggesting comparable capabilities among all models in therapeutic 
tasks. Despite this overall similarity, different models achieved mean ratings at the “acceptable” level (3 out 
of 5) in various tasks: ChatGPT-4 in four tasks, Opus, Sonnet, ChatGPT-4o, Copilot and LlaMa each in 
three tasks, and Gemini in two tasks. These ratings were distributed across different types of therapeutic 
tasks. For instance, some models performed better at teaching techniques while others demonstrated 
strengths in treatment planning. However, it is noteworthy that no model achieved a mean rating at the 
“appropriate” level (4 out of 5) for any task. The significant effect of evaluators (p < .001) across all questions 
suggested that evaluators were consistent in their rating patterns across models but they differed signifi
cantly in their assessment criteria. These findings indicated that although current LLMs show promise in 
generating quality responses, they do not yet consistently meet professional standards, regardless of which 
model is used.

Across all models, evaluators identified two recurring weaknesses. First, models demonstrated inade
quate clinical reasoning in most tasks. Models often generated generic responses and were unable to offer 
treatment plans that were coherent and integrated with original case formulations. Case formulation is 
a crucial and ongoing process in clinical practice. It involves gathering client information to create 
explanatory hypotheses for the client’s presenting symptoms (Page et al., 2008; Sim et al., 2005). Without 
case formulation, therapy lacks a framework for understanding client difficulties and risks becoming 
fragmented or unfocused (Persons, 2006). A good case formulation helps therapists organise clinical 
information and develop targeted interventions based on theoretical understanding of the client’s difficul
ties. Our findings showed that no models created case formulations that met acceptable levels, and they 
struggled to anchor them as rationales for suggested treatment plans and technique recommendations. 
Second, models fell short in tasks requiring practical therapeutic implementation and dynamic interaction. 
When asked to conduct a first therapy session, models often jumped straight into solutions without first 
establishing rapport or addressing essential elements such as consent and confidentiality – steps that are 
commonly expected in clinical practice. Similarly, while models could list and describe therapeutic 
techniques, they struggled to explain them in accessible ways that clients could actually implement in 
their daily lives. These limitations were particularly evident in teaching techniques and addressing complex 
client presenting problems, where most models failed to achieve acceptable responses. Models tended to 
provide numerous generic interventions without clear prioritisation or integration with case formulations. 
It suggests that although LLMs possess a certain level of clinical knowledge, they struggle with the practical, 
responsive aspects of therapeutic work.

Qualitative analysis of those responses that achieved acceptable ratings tended to reveal four distinguish
ing characteristics that aligned with fundamental principles of clinical practice. First, acceptable responses 
demonstrated appropriate clinical humility by acknowledging the preliminary nature of formulations and 
the need for ongoing assessment. Second, acceptable responses maintained therapeutic boundaries by 
recommending consistent 60-minute session lengths rather than variable durations for different sessions. 
Third, acceptable responses avoided making assumptions beyond available information, particularly around 
diagnoses or client history not provided in case materials. Fourth, appropriate responses recognised therapy 
as a collaborative process requiring client engagement rather than providing purely prescriptive interven
tions. These characteristics observed in higher-rated responses suggest burgeoning strengths within current 
LLMs, although their performance remains inconsistent. These strengths should serve as foundational 
elements for developing future AI models in mental health settings.

Ethical implications and practical applications

The varying performance of LLMs across therapeutic tasks raises important ethical concerns about their 
potential deployment in mental health care. As argued by many scholars (Fiske et al., 2019; Lawrence et al.,  
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2024; Stade et al., 2024), the use of AI in therapeutic contexts requires careful consideration of privacy, 
consent, and potential harm. Our findings demonstrated that models sometimes made unfounded assump
tions (a phenomenon known as hallucination in LLM literature) or recommended inappropriate interven
tions without clear rationale. These failures to demonstrate appropriate clinical reasoning highlight 
significant risks of unsupervised AI-client interactions. Recent studies have also questioned LLMs’ reason
ing ability, with some researchers arguing that it may stem from memorisation and recitation of learned 
information, and others suggesting chain-of-thought prompting to elicit better reasoning ability (Huang & 
Chang, 2023; Plaat et al., 2024; Wu et al., 2024; Yax et al., 2024). These safety concerns, alongside the areas 
for development discussed above, suggest that current LLMs might be most appropriately used as clinical 
support tools rather than direct therapeutic agents. For instance, they could assist clinicians with initial case 
formulation or help generate treatment options for consideration (Stade et al., 2024), while leaving final 
decisions and client interactions to trained professionals. This aligns with recent findings showing LLMs 
can enhance clinical decision-making in specific areas while avoiding the risks associated with direct 
therapeutic engagement (Kim et al., 2024).

Limitations and future directions

The interpretation of these findings requires careful consideration of both methodological constraints and 
the poor inter-rater reliability among evaluators. Given the small number of expert evaluators, the findings 
should be interpreted as exploratory. Although qualitative insights are valuable, larger and more diverse 
samples are needed to confirm the reliability and generalisability of the observed patterns.

The poor inter-rater reliability (ICC = .023) and significant effect of evaluator (p < .001) suggest that 
evaluators had different rating patterns and minimal agreement among them. These discrepancies likely 
stem from multiple sources, including variations in professional background, therapeutic orientation, 
expectations regarding the role of AI in clinical settings, and potential cognitive fatigue or reduced 
motivation during the extended rating process (Mahshanian & Shahnazari, 2020). Evaluating therapeutic 
responses is inherently subjective, particularly in the absence of a psychometrically validated rating tool. In 
this study, the prompts and rating process were designed to reflect common clinical tasks rather than 
function as a standardised measurement instrument. As such, the numerical scores should be interpreted as 
exploratory approximations of perceived appropriateness rather than formal indicators of clinical 
competence.

One source of potential bias is that all evaluators were aware they were assessing AI-generated content. 
Although responses were randomised and anonymised to reduce model-specific bias, the knowledge that 
responses were produced by AI may have influenced evaluator perceptions, particularly given prevailing 
scepticism towards AI in clinical contexts. Prior research has demonstrated that disclosure of an AI source 
tends to decrease evaluative ratings, even when AI-generated and human-generated content are of equal 
quality (Lim & Schmälzle, 2024; Parshakov et al., 2025). Future studies could use a mixed-source, blinded 
design in which evaluators assess both human- and AI-generated responses without knowing the source. 
This would help clarify the extent of rater bias due to source awareness.

Another source of variability may stem from evaluator’s cultural backgrounds and implicit assumptions 
about what constitutes “appropriate” therapy may have shaped their judgements. Certain therapeutic 
approaches or formulations may align more closely with specific cultural or theoretical preferences. 
Future research should explore how such biases can be identified and reduced. For instance, prior studies 
have shown that inter-rater reliability can be improved through rater training, the use of validated rating 
measures, clarification of core competence constructs, and structured discussion of disagreements (Kühne 
et al., 2020; Paunov et al., 2024). However, these strategies may still fall short of capturing the full complexity 
of psychotherapy evaluation, particularly when assessments require implicit clinical reasoning, sensitivity to 
relational dynamics, or integration of diverse theoretical perspectives. Thus, while inter-rater reliability 
metrics such as the ICC provide valuable information, they offer only a partial view. Future work may 
benefit from developing complementary evaluation strategies that more fully account for the nuanced and 
context-sensitive nature of therapeutic competence.

One main limitation of our methodology was that it relied on a static, one-way format that limited 
the evaluation of dynamic therapeutic processes such as responsiveness to client input and alliance- 
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building. In addition, the clinical vignettes were relatively well-structured and information-rich, which 
may not reflect the sparse or ambiguous input often encountered in early clinical interactions, 
particularly with reluctant or reticent clients. Future research should examine LLM performance in 
response to more terse, incomplete, or ambiguous client presentations, in order to better simulate real- 
world clinical scenarios where information gathering is itself a therapeutic skill. Such studies could 
assess how well LLMs manage uncertainty, generate working hypotheses with limited data, and engage 
meaningfully with clients who offer minimal disclosure.

Our methodological limitations point to several directions for future research, which may vary in their 
level of clinical risk. At the lowest risk level, research could examine LLMs as clinical support tools for 
therapists, focusing on backend tasks such as treatment planning, case formulation, and documentation. 
Our findings suggest that LLMs possess basic theoretical understanding and procedural knowledge useful 
for these functions. However, their responses frequently lacked robust clinical reasoning and failed to 
meaningfully integrate client-specific information. Therefore, future research should explore ways to 
improve LLM capabilities. One method would be training models on curated clinical datasets that 
incorporate established reasoning frameworks, such as the abductive theory of method (ATOM) and 
transdiagnostic approaches (Dalgleish et al., 2020; Frank & Davidson, 2014; Vertue & Haig, 2008; Ward 
et al., 2016). Another approach could involve supervised fine-tuning with expert clinical psychologists. 
Structured expert feedback is similar to supervision practices in therapist training. It could be used to 
identify and correct response limitations related to clinical reasoning, ethical appropriateness, and ther
apeutic boundaries. This approach has shown promise in related domains, where fine-tuning on multi-turn, 
empathic dialogue data improved models’ ability to engage in emotionally attuned and supportive com
munication (Chen et al., 2023). Another low-risk implementation is the potential use of AI-based evaluators 
to assess AI-generated responses. Although human raters bring valuable contextual insight and ethical 
judgement, the use of AI-based evaluators may offer scalable and consistent assessment of AI responses. 
Future research could explore whether such systems exhibit similar biases or leniencies as humans, and 
whether hybrid evaluation approaches produce more balanced and reliable assessments (Burden, 2024).

At a moderate risk level, research could explore LLMs’ potential for supervised client interaction, such as 
providing basic psychoeducation, supporting homework completion, offering structured coping skills 
practice and assisting treatment planning with psychologists (Auf et al., 2025; Lundin et al., 2023). While 
our study showed that LLMs can outline therapeutic concepts, their tendency to provide generic responses 
and occasional inappropriate recommendations highlights the necessity for careful monitoring and clear 
protocols for professional oversight. Investigating how different cultural groups interact with AI-assisted 
services would also be crucial, given the challenges in providing culturally appropriate mental health 
services (Kapeli et al., 2020).

At the highest risk level involving direct therapeutic application, further studies would be required to 
ensure high-quality clinical reasoning and dynamic therapeutic interaction. This research direction requires 
experimental studies examining LLMs’ ability to maintain therapeutic alliance over multiple sessions, as the 
relationship is a robust predictor of therapy outcomes, with substantial evidence linking it to treatment 
success (Norcross & Lambert, 2018; Wampold, 2015). Longitudinal case progression studies would be 
needed to assess LLMs’ capabilities for sustained therapeutic engagement while addressing technological 
limitations like context window constraints. Such research would need to carefully address fundamental 
concerns about consent, confidentiality, and clinical reasoning before any implementation of direct client- 
AI therapeutic interaction.

Furthermore, comparative studies between LLMs and human clinicians across different levels of exper
tise would offer valuable benchmarks for interpreting AI performance in therapeutic settings. In this study, 
LLM responses were evaluated against the clinical judgement of experienced psychologists, providing 
a valuable but partial reference point. Future research could present standardised clinical scenarios to 
LLMs, psychology students, early-career clinicians, and experienced practitioners to examine the extent to 
which LLM-generated responses reflect different levels of clinical expertise. For instance, researchers could 
assess whether these responses demonstrate formulation-driven reasoning, the ability to tailor interventions 
to complex client presentations, and the integration of evidence-based strategies across modalities. These 
comparisons would not only clarify LLMs’ relative capabilities but also inform their potential use in clinical 
training contexts, such as supporting student learning, offering feedback on basic therapeutic formulation, 
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or modelling structured communication. Such insights would support evidence-based decisions about 
where and how LLMs may be responsibly integrated into clinical training or practice.

The integration of AI and LLMs into mental health support appears increasingly inevitable in contem
porary society. One of LLMs’ primary advantages is that users report feeling less likely to be judged by AI, 
which encourages help-seeking behaviours and increases comfort in disclosing personal struggles compared 
to traditional social interactions (Lee et al., 2024; Ma et al., 2023). In addition, LLMs may offer a cost- 
effective alternative to traditional therapy, particularly at scale, by reducing clinician burden, administrative 
workload, and wait times (Spytska, 2025; Zhang & Wang, 2024). This economic advantage could become 
a central motivator for adoption in overstretched health systems. This growing use of AI for informal 
mental health support raises several important questions for future research: (1) how existing attitudes 
towards AI influence engagement with AI for mental health support (Keung & So, 2025), (2) how awareness 
of AI-generated responses affects user expectations and interaction patterns, (3) how to ensure AI upholds 
principles that honour user autonomy and promote independence to avoid overreliance solely on AI 
support (Hua et al., 2024), and (4) how to establish appropriate guidelines and safeguards for the informal 
use of AI in mental health support. These questions are especially salient given the increasing accessibility 
and uptake of LLMs by the general public.

Conclusions

Our evaluation study of LLMs in therapeutic contexts revealed both promising capabilities and significant 
limitations that warrant careful consideration. While no single model consistently produced high-quality 
responses across all therapeutic tasks, models demonstrated competence in structured tasks such as 
determining therapy session length and discussing goal-setting in therapy. Higher-rated responses dis
played important professional characteristics such as clinical humility, appropriate therapeutic boundaries, 
and recognition of therapy as a collaborative process. However, models’ weaknesses in clinical reasoning 
and practical implementation, along with ethical concerns about consent and inappropriate recommenda
tions, suggest that their most immediate value lies in supporting clinicians rather than providing direct 
therapeutic care. The primary area for development appears to be integrative clinical reasoning, a vital 
aspect of key clinical tasks such as developing quality formulations and safe and efficient treatment 
planning. Once the models are proven to have good clinical reasoning capabilities, future research in 
therapeutic alliance formation and longitudinal engagement will be essential to develop AI-assisted therapy. 
However, all these processes require attention and supervision to ensure professional standards and client 
welfare. The path forward requires thoughtful integration that enhances rather than compromises the 
quality of mental health care delivery, optimising AI’s capabilities while preserving the essential human 
connection at the heart of effective therapy.
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