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A B S T R A C T

Clinical psychology students frequently report feeling underprepared for the interpersonal demands of thera
peutic work, highlighting the need for accessible opportunities to practise core counselling skills before seeing 
real clients. Advances in artificial intelligence (AI) now enable simulated interaction partners that may support 
early skills development. This study examined postgraduate clinical psychology students' perceptions of two AI- 
based simulations: a text-based chatbot (ChatGPT) and a voice-based avatar (HeyGen). Twenty-four students 
completed two brief cognitive-behavioural role-plays (counterbalanced), one with each tool, and provided both 
quantitative ratings and qualitative feedback on perceived usefulness, skill application, responsiveness and 
engagement, and perceived skill improvement. Both AI tools were evaluated positively across dimensions. 
However, the avatar was rated significantly higher than the chatbot for perceived usefulness, skill application, 
and perceived skill improvement, and qualitative comments highlighted the added value of voice-based inter
action for conveying social and emotional cues. These findings suggest that AI-driven simulation may supplement 
early-stage clinical skills training, with voice-based avatars offering additional benefits. Future work should test 
whether such simulated interactions translate to objective improvements in real therapeutic performance.

1. Introduction

Human–AI interaction increasingly involves complex interpersonal 
exchanges, where users must interpret emotional intent, make relational 
judgements, and engage in dynamic conversational coordination. In 
training contexts, the modality through which these systems are 
encountered may therefore not only shape the interaction itself, but 
shape what learners come to understand as valid, desirable, or sufficient 
socio-emotional behaviour. A central question is how the modality 
through which AI systems are presented shapes users’ perceived social 
presence, engagement, and task value. Theories of media richness (Daft 
& Lengel, 1986), social presence (Biocca et al., 2003), and the Com
puters Are Social Actors (CASA) paradigm (Nass et al., 1994) predict 
that AI agents that more closely approximate human communicative 
affordances should be treated as more socially real, and therefore more 
useful, meaningful, and persuasive interaction partners. Embodiment, 

especially through voice, facial expression, and non-verbal cues, is 
proposed to increase relational attunement, trust, and interpersonal 
responsiveness in AI-mediated exchanges (Biswas & Murray, 2025). This 
makes modality an important determinant of whether users perceive AI 
as capable of supporting tasks that rely on socio-emotional nuance.

Clinical psychology provides a theoretically powerful context to 
examine these modality effects because therapeutic dialogue is funda
mentally relational, affectively loaded, and cognitively effortful. Unlike 
many AI interaction tasks (e.g., information search, summarisation, 
planning), therapeutic work depends on subtle emotional inference, 
empathic signalling, and moment-to-moment interpersonal coordina
tion (Wiltshire et al., 2020), exactly the types of processes human–AI 
interaction research argues are shaped by modality richness. Thus, 
clinical skill rehearsal serves not only as an applied educational case, but 
also a framework through which to examine how avatars versus 
text-based agents modulate perceived social value during complex 
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interpersonal problem-solving (Fox & Ahn, 2015) .
At the same time, bridging the gap between academic theory and the 

reality of therapeutic practice remains one of the most persistent chal
lenges in clinical psychology training. Although postgraduate students 
typically graduate with a solid grounding in evidence-based frame
works, many feel underprepared for the interpersonal, emotional, and 
practical demands of real clients (Brennan et al., 2024; Hitzeman et al., 
2020). This can reduce confidence entering placements, increase anxi
ety, and impede the early development of effective therapeutic compe
tence (Buck et al., 2014).

1.1. Simulation-based training in clinical education

Simulation-based training (SBT) is widely used across healthcare 
education because it enables learners to rehearse communication, 
emotional regulation, and decision-making within controlled and risk- 
free environments (Cumin et al., 2013). In clinical psychology, 
role-play with simulated or standardised clients allows students to 
embody therapist roles, practise intervention strategies, and receive 
feedback before working with real clients (Attoe et al., 2019). Crucially, 
the value of SBT depends not only on practising techniques, but on the 
extent to which simulated interactions evoke realistic emotional and 
relational responses—processes known to drive learning, reflective 
insight, and professional identity formation (Kolb, 1984; Nestel & 
Bearman, 2015).

However, traditional SBT formats (e.g., actors, peer role-play) 
struggle to reliably reproduce the emotional authenticity and subtle 
non-verbal signalling that characterise therapeutic encounters. Peer 
role-play often lacks emotional realism, and actors vary in expressive
ness and delivery, limiting standardisation and reproducibility across 
learners (Hodgson et al., 2007; Hsieh et al., 2024). These constraints 
limit repeated exposure to emotionally meaningful practice, despite 
evidence that emotionally salient rehearsal is critical for skill consoli
dation (Tyng et al., 2017). Moreover, SBT in clinical education is often 
cost- and resource-intensive, due to the need for trained facilitators or 
actors, and dedicated space and time for scenario design and debriefing 
(Frangi et al., 2025). Therefore, there is a growing need for simulation 
methods that preserve accessibility while providing consistent, affec
tively rich interpersonal interactions that more closely mirror the social 
complexities of real therapy.

1.2. The emergence of artificial intelligence in clinical training

Advances in artificial intelligence offer new opportunities to oper
ationalise high-fidelity simulation through controllable modality cues. 
Large language models (LLMs) can generate contextually appropriate, 
emotionally coherent dialogue, enabling dynamic conversational ex
changes that simulate psychologically meaningful interaction (Nazir & 
Wang, 2023; Pataranutaporn et al., 2021). While avatars have been 
used since the late 1990s, early systems offered only basic, low-fidelity 
graphics (Cassell et al., 1999). Recent advances in computer graphics 
and AI now support highly realistic embodiments, enabling avatars to 
convey nuanced facial expressions, gaze, and non-verbal behaviour, all 
of which are affordances that are predicted to enhance social presence, 
relational engagement, and perceived realism in human–AI interaction 
(Maeda & Quan-Haase, 2024). For domains such as clinical psychology, 
where subtle shifts in prosody, emotional tone, eye contact, and affec
tive display shape therapeutic meaning (Wiltshire et al., 2020), these 
multimodal embodiments may provide critical cues for practising 
socio-emotional attunement.

Evidence from adjacent educational fields supports this proposition. 
Studies in nursing and medical training show that avatar-based simu
lations elicit greater engagement, facilitate empathic responding, and 
support decision-making more effectively than text-based formats 
(Cook, 2025; Frey-Vogel et al., 2022; Mergen et al., 2024). Importantly, 
avatars can provide consistent yet adaptive practice opportunities, 

enabling repeated exposure to emotionally meaningful encounters, an 
important driver of memory consolidation and skill transfer (Elendu 
et al., 2024; Tyng et al., 2017). Together, these affordances position 
AI-based avatars as a strong candidate for scalable, high-fidelity simu
lation that supports the socio-emotional demands of therapeutic 
communication.

Recent research further highlights the growing integration of artifi
cial intelligence within psychology and psychiatry education. A scoping 
review by Prégent et al. (2025) demonstrates that AI is increasingly used 
to simulate patient interactions, support clinical reasoning, and provide 
scalable opportunities for repeated, low-risk practice. Importantly, this 
work identifies accessibility, standardisation, and flexibility as key fa
cilitators of AI adoption, while also noting persistent concerns regarding 
emotional realism, ethical use, and the risk of overreliance. Empirical 
studies using chatbot-based simulated clients report converging find
ings. For example, Kakabayeva et al. (2025) found that educational 
psychology trainees experienced AI simulations as valuable for building 
confidence, supporting reflective practice, and applying theoretical 
knowledge in structured interactions. Similarly, Akkurt et al. (2025)
report that counsellor trainees perceive AI-generated clients as useful for 
practising core therapeutic skills, particularly within structured mo
dalities such as cognitive behavioural approaches, although limitations 
in emotional depth, variability, and authenticity remain salient. Parallel 
findings are observed in studies of virtual clients in professional psy
chology training, where simulated interactions support skill rehearsal 
and clinical reasoning but are not seen as substitutes for real-world 
experience or supervision (Morrison et al., 2026). Together, this 
emerging body of work suggests that AI-based simulations are most 
effective as adjunctive tools that scaffold early-stage clinical learning, 
providing accessible opportunities for practice while complementing, 
rather than replacing, human-led training.

1.3. Psychological mechanisms underpinning modality benefits

While theories of media richness and social presence predict that 
more embodied AI systems should feel more “real,” it is important to 
specify the psychological mechanisms through which such modality 
differences may influence learning. One key pathway is through socio- 
emotional engagement. Interactions that include voice, facial expres
sion, and non-verbal cues are more likely to elicit emotional responses 
and interpersonal attunement, which are known to support attention, 
memory encoding, and reflective processing (Biocca et al., 2003; Tyng 
et al., 2017). In the context of clinical training, this may translate into 
greater empathic engagement and a stronger sense of relational re
sponsibility during simulated interactions.

A second mechanism relates to metacognitive and self-regulatory 
processes. The Metacognitive-Affective Model of Self-Regulated 
Learning (Efklides, 2011) proposes that emotionally engaging tasks 
enhance monitoring, evaluation, and strategy adjustment. Embodied 
interactions may therefore prompt learners to more actively evaluate 
their therapeutic decisions in real time, particularly when the presence 
of a “social other” increases perceived accountability and focus 
(Hamilton & Lind, 2016; Nass et al., 1994). This may be especially 
relevant in therapeutic contexts, where effective practice depends on 
moment-to-moment adaptation to client cues.

At the same time, less richly embodied modalities may support 
different but complementary processes. Text-based interactions provide 
increased time for reflection, reduced performance pressure, and greater 
opportunity to structure responses, which may benefit early-stage 
learners who are still consolidating foundational skills (Graesser et al., 
2014). From this perspective, modality effects are unlikely to be uni
formly beneficial; rather, different modalities may scaffold different 
cognitive and affective processes depending on the learner's stage and 
task demands.

Taken together, these mechanisms suggest that the potential 
advantage of avatars is not solely due to increased realism, but to their 
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capacity to engage socio-emotional, attentional, and metacognitive 
processes that are central to complex interpersonal learning. This 
framework provides the theoretical basis for expecting differences be
tween avatar-based and text-based simulations in the present study.

1.4. The present study

The present study compares postgraduate clinical psychology stu
dents’ perceptions of two AI-based simulation modalities: a text-based 
chatbot and a voice-based embodied avatar. Building on theories of 
social presence, media richness, and self-regulated learning, the study 
aims to examine how modality influences perceived engagement, use
fulness, and skill development in a clinically relevant training task.

To guide this investigation, the following research questions were 
addressed: 

1. RQ1: Do students perceive both AI modalities (chatbot and avatar) 
as useful tools for practising clinical skills?

2. RQ2: Does an embodied avatar lead to higher perceived engage
ment, usefulness, and skill application compared to a text-based 
chatbot?

3. RQ3: How do students qualitatively describe their experiences of 
interacting with each modality, particularly in terms of realism, 
emotional engagement, and learning value?

Based on prior theory, it was expected that both tools would be 
evaluated positively, but that the avatar would elicit more favourable 
perceptions due to the additional social and emotional cues afforded by 
voice and visual embodiment.

2. Method

2.1. Design and ethical considerations

A within-participants (repeated-measures) design was used in which 
all participants completed two simulated counselling role-plays: one 
delivered through a text-based chatbot, and one delivered through a 
voice-based avatar. The order of conditions was counterbalanced to 
reduce potential order effects and was completed in two sessions with at 
least 2 days in between. Ethical approval was granted by the Ethics 
committee of The University of Kent School of Psychology [ID: 
202517380729989721]. Participants provided informed written con
sent, were informed of their right to withdraw at any time without 

penalty, and all data were anonymised using participant ID codes and 
stored securely in accordance with GDPR standards.

2.2. Participants

Twenty-four postgraduate students enrolled in the MSc Clinical 
Psychology programme at the The University of Kent took part. Eligi
bility required current enrolment in the programme and fluency in En
glish. Recruitment was conducted through email announcements and in- 
person invitations during lectures. Participation was voluntary and un
compensated. Although the sample size was restricted due to the pool of 
eligible trainees, the within-participants design enhanced statistical 
power by reducing between-person variability. All participants 
completed both experimental conditions.

3. Materials

Two AI tools were used to simulate the counselling scenarios. OpenAI 
ChatGPT (GPT-4o model) served as the text-only conversational agent, 
enabling natural language interaction through typed responses. HeyGen 
(Fig. 1) provided a hyper-realistic digital avatar with synchronised facial 
animation, vocal prosody, eye gaze, and emotional expression. These 
audiovisual features were automatically generated by the platform and 
synchronised with the avatar's spoken responses to create a naturalistic 
conversational experience. Both tools utilised the same underlying large 
language model to generate conversational content, helping to minimise 
differences that were not attributable to the presentation modality (text 
vs. avatar). The same scripted prompts were used across both systems, 
and the platforms were accessed using their default settings. Data 
collection occurred between December 2024 and June 2025; therefore, 
the AI systems reflect the versions of ChatGPT and HeyGen available 
during that period.

To ensure parity across conditions, both platforms were driven by 
matched prompt scripts (full prompt scripts are available in Supple
mentary 2). The prompts were inspired by the material in Crash Course 
Psychiatry (4th edition, 2013), using the case summary sections as the 
main source to develop scenarios. Each script specified a fictional client 
profile, including presenting problems, onset, maintaining factors, and 
relevant social context (see supplementary A). The scripts described 
either a young adult experiencing anxiety following a relationship 
breakdown or an international student reporting low motivation and 
social withdrawal. Each case prompt was crafted and formatted for the 
AI chatbot via the “pretend as” function in the large language model 

Fig. 1. The CBT “hot cross bun” model illustrates the interaction between thoughts, emotions, behaviours, and physical sensations. 
Note. Adapted from Fenn and Byrne (2013).
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(LLM), allowing it to authentically simulate patient roles. Clear in
structions were included to keep the AI from diagnosing or over- 
explaining difficulties, and to encourage participants to draw out rele
vant information with therapeutic questioning skills. To account for the 
slower pace of typed communication, participants completed the text- 
based chatbot condition over 12 min and the avatar condition over 
10 min. This adjustment was intended to provide comparable opportu
nities for interaction across both modalities.

Participants were reminded to structure their sessions using the CBT 
“Hot Cross Bun” model (Fig. 2), a cognitive-behavioural formulation 
framework that helps organise and understand the relationship between 
an individual's thoughts, emotions, behaviours, and physiological sen
sations, to guide exploration of the client's experiences (Fenn & Byrne, 
2013). No feedback was provided during the sessions.

Following each interaction, participants completed a study-specific 
21-item questionnaire designed to evaluate their perceptions of the 
intervention using 5-point Likert scale responses (see Supplementary 
section 1). The questionnaire included items relating to professional
ism and engagement, perceived usefulness and realism, application of 
therapeutic skills, and perceived skill improvement. Items were rated on 
a 5-point Likert scale ranging from − 2 (strongly disagree) to +2 
(strongly agree), with 0 representing a neutral response.

Principal component analysis (PCA) with varimax rotation was un
dertaken to identify themes within the questionnaire and inform the 
grouping of related items into subscales. The PCA was used solely to 
identify questionnaire themes and was not used as part of the primary 
statistical analyses. All 21 items were entered into the PCA. Eighteen 
items loaded onto three interpretable components, while three items did 
not load meaningfully onto any retained component and were excluded 
from the component-derived themes. The three themes represented: (1) 
responsiveness and engagement; (2) perceived usefulness; and (3) skill 
application.

For subsequent analyses, theme scores were calculated as the mean 
of the items within each theme. Internal consistency was assessed using 
Cronbach's alpha and demonstrated acceptable reliability for all three 
multi-item themes (Theme 1, α = 0.84; Theme 2, α = 0.76; Theme 3, 
α = 0.74). Perceived skill improvement was retained as a single-item 
outcome of specific interest and analysed independently of the PCA- 
derived themes; consequently, internal consistency statistics were not 
applicable to this measure.

3.1. Procedure

Testing took place individually in a quiet laboratory room. After a 
briefing and provision of consent, each participant completed both 

interactions: one with the chatbot and one with the avatar. Participants 
acted as the therapist, while the AI simulation acted as the client 
throughout. The order of tools was counterbalanced. Chatbot sessions 
lasted approximately 12 min, while avatar sessions lasted approximately 
10 min, a difference determined through pilot testing to accommodate 
the slower pace of typing without compromising session content. Min
imal experimenter presence was maintained to reduce performance 
pressure, and participants could choose whether the researcher 
remained visible in the room. Following each session, participants 
completed the questionnaire and a brief interview (approximately 
10 min). A full session lasted approximately 45 min. Interview questions 
are provided in the supplementary section 2.

Following data collection, all chat logs and avatar interaction tran
scripts were reviewed by the research team to identify any clinically 
inappropriate, inaccurate, or clearly inconsistent AI-generated re
sponses. No such responses were identified within the interactions 
included in the present study. In addition, the qualitative component 
was included to provide a deeper understanding of participants' expe
riences with both AI modalities, allowing participants to report any 
perceived strengths, limitations, or concerns regarding the interactions.

3.2. Data analysis

Data were screened using Excel and analysed using JASP and RStu
dio. Composite scores were calculated by averaging items within each 
thematic grouping, with higher values indicating more positive evalu
ations. Assumptions of normality were assessed using the Shapiro–Wilk 
test. Paired-samples t-tests were used when normality was met, and 
Wilcoxon signed-rank tests when normality was violated. One-sample 
tests determined whether ratings were significantly greater than the 
neutral midpoint of zero, allowing evaluation of whether both AI tools 
were perceived positively overall.

To complement traditional frequentist statistics, Bayes factors (BF10) 
were computed for all primary comparisons. Bayes factors quantify the 
relative evidence for the alternative hypothesis (H1) compared with the 
null hypothesis (H0), thereby providing a graded measure of evidence 
rather than relying solely on dichotomous significance testing. A BF10 
greater than 1 indicates evidence in favour of the alternative hypothesis, 
whereas a BF10 less than 1 indicates evidence in favour of the null hy
pothesis. Following commonly adopted guidelines (Wagenmakers et al., 
2018), BF10 values of 1–3 were interpreted as anecdotal evidence, 3–10 
as moderate evidence, 10–30 as strong evidence, 30–100 as very strong 
evidence, and values greater than 100 as extreme evidence for the 
alternative hypothesis. Bayes factors were included to provide comple
mentary information regarding the strength of the evidence, which is 
particularly informative in exploratory studies with modest sample 
sizes. All analyses used two-tailed tests, effect sizes were reported where 
applicable, and significance was evaluated using an alpha level of .05.

Qualitative data from post-task interviews were analysed using 
inductive thematic analysis following Braun and Clarke (2006). Tran
scripts were reviewed for familiarisation, initial codes were generated, 
and codes were iteratively organised into themes capturing patterns in 
participants’ experiences. Themes were reviewed and refined collabo
ratively within the research team to ensure coherence and consistency.

4. Results

4.1. Quantitative results

The mean age of participants was 24.6 years (SD = 4.7). Twenty-two 
participants identified as female, one as male, and one as non-binary.

One-sample t-tests were conducted to determine whether ratings for 
each AI tool were significantly greater than zero. Across all themes, 
mean ratings were significantly above zero (ps < .05), indicating that 
participants perceived both the chatbot (ChatGPT) and the avatar 
(HeyGen) as clinically valuable.

Fig. 2. Interface of the HeyGen avatar supporting the simulated ther
apy exercise.
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For the Responsiveness and Engagement theme, ratings were 
significantly positive for both the chatbot (M = 0.68, SD = 1.20, 95% CI 
[0.17, 1.19]), t(23) = 2.76, p = .011, d = 0.56, BF10 = 4.39, and the 
avatar (M = 1.14, SD = 0.49, 95% CI [0.93, 1.34]), t(23) = 11.38, 
p < .001, d = 2.32, BF10 = 1.48 × 108.

Similarly, ratings for Perceived Usefulness were significantly 
greater than zero for both the chatbot (M = 0.62, SD = 0.62, 95% CI 
[0.36, 0.88]), t(23) = 4.89, p < .001, d = 1.00, BF10 = 421, and the 
avatar (M = 0.96, SD = 0.71, 95% CI [0.67, 1.26]), t(23) = 6.67, 
p < .001, d = 1.36, BF10 = 21,339.

Positive evaluations were also observed for Skill Application, with 
significant ratings for the chatbot (M = 0.81, SD = 0.55, 95% CI [0.58, 
1.04]), t(23) = 7.25, p < .001, d = 1.48, BF10 = 71,796, and the avatar 
(M = 1.01, SD = 0.50, 95% CI [0.79, 1.22]), t(23) = 9.78, p < .001, 
d = 2.00, BF10 = 9.69 × 106.

Finally, ratings for Skill Improvement were significantly greater 
than zero for the chatbot (M = 0.58, SD = 0.97, 95% CI [0.17, 0.99]), t 
(23) = 2.93, p = .007, d = 0.60, BF10 = 6.19, and the avatar (M = 1.21, 
SD = 0.78, 95% CI [0.88, 1.54]), t(23) = 7.60, p < .001, d = 1.55, 
BF10 = 147,029.

Overall, participants rated both AI tools favourably across all clinical 
domains, with mean ratings consistently exceeding zero. Formal com
parisons between the two AI tools are reported separately.

Paired-samples analyses were conducted to compare participants' 
ratings of the chatbot and avatar across the four outcome measures (see 
Table 1). For perceived usefulness and skill application, paired-samples 
t-tests were conducted because the assumption of normality was met. 
Participants rated the avatar significantly higher than the chatbot for 
perceived usefulness, t(23) = − 3.21, p = .004, mean difference = − 0.35, 
95% CI [− 0.57, − 0.12], d = 0.65, BF10 = 10.70, and for skill applica
tion, t(23) = − 2.18, p = .040, mean difference = − 0.20, 95% CI [− 0.39, 
− 0.01], d = 0.44, BF10 = 1.55.

For responsiveness and engagement and perceived skill improve
ment, the assumption of normality was violated; therefore, Wilcoxon 
signed-rank tests were used. There was no significant difference in 
responsiveness and engagement between the chatbot and avatar, 
Z = − 1.44, p = .154, Hodges–Lehmann estimate = − 0.62, 95% CI 
[− 1.50, 0.25], rank-biserial correlation = − 0.40, BF10 = 0.90. However, 
participants rated the avatar significantly higher than the chatbot for 
perceived skill improvement, Z = − 2.24, p = .025, Hodges–Lehmann 
estimate = − 1.00, 95% CI [− 2.00, − 0.00], rank-biserial 
correlation = − 0.70, BF10 = 4.46.

4.2. Qualitative results

Participant interview data were transcribed verbatim by VES and AB 
and uploaded to NVivo (2022) for analysis. Inductive thematic analysis 
was employed within an essentialist framework according to Braun and 
Clarke's (2006) six-phase approach, reporting participants' subjective 
reality, meaning, and experience according to the content of the data.

Analysis was led by the first author (VES) who began with repeated 
reading of transcripts for data immersion and familiarisation before 
identifying preliminary patterns with initial codes. Codes were applied 

to data using a working codebook that was iteratively refined as coding 
progressed, with code definitions and examples documented to support 
consistent application from the wider research team. Codes were sub
sequently reviewed and organised into candidate themes and sub- 
themes through discussion with (AP), a process that involved regular 
comparison across participants' transcripts to ensure a continual fit of 
data and coherence amongst identified patterns.

To ensure the dependability and confirmability of themes, the 
resultant coding framework was reviewed by the full research team and 
a second coder (AB) independently applied the framework to 20% of the 
dataset (n = 24 transcripts across both chatbot and avatar conditions). 
Similarities and differences in coding responses were identified and 
inter-coder agreement was calculated at 95%, indicating substantial 
agreement. Discrepancies were resolved through discussion within the 
full research team until a consensus was reached, and amendments to 
the coding framework, theme definitions, and structure were imple
mented accordingly. To support reflexivity and reduce individual coder 
bias, AP maintained an audit trail of analytic decisions and codebook 
iterations throughout that was informed by regular discussion with VS 
and AB.

Five themes were identified from qualitative data that captured the 
user experience and perceived utility of the respective AI tools within 
the context of clinical training (see Fig. 3 ). All themes were endorsed in 
both chatbot and avatar experimental conditions and as such, themes 
are presented together. All quotes provided are accompanied by a 
participant ID indicating whether participant reflections pertained to 
the use of the chatbot (C) or avatar (A) AI tool.

4.3. Theme 1: clinical skill development

4.3.1. Initial training
The majority of participants viewed AI tools as particularly beneficial 

during the early stages of clinical training when students' experience and 
confidence to engage in therapeutic interactions is often limited. Par
ticipants highlighted their limited clinical experience, explaining that 
“we're doing roleplays but with friends, so sometimes we're not really 
able to reflect an actual conversation with the clients because we're not 
really experienced” (A670). They described the tools as offering a sup
portive environment in which they could begin to develop their thera
peutic skills and familiarise themselves with the format of clinical 
formulation. One participant described the avatar as “good for pre
liminary training, [at] the very first few stages of introducing someone 
to a therapy session” (A719). Others viewed it as a method to build 
confidence and prepare students for real-world practice, explaining that 
it “tests your skills, which I think you need before going into the real 
world” (A268).

Similarly, several participants emphasised the complementary na
ture of AI tools in the educational experience, noting that a client-based 
chatbot and avatar provided a valuable opportunity to apply theoretical 
knowledge to practical client scenarios. For example, one participant 
reported, “I felt like I wanted to do my best in terms of trying like, what 
did I learn this semester? Can I apply it now?” (A519). Working with the 
tool helped participants feel more prepared for future client work, as it 
allowed participants to experience the flow of therapeutic interaction in 
a realistic way: “It was quite useful, in fact, [to be able] to start prac
ticing how you would phrase questions and what it feels like to ask them 
and get a response back, before you actually go and engage with a real 
person”(C468).

They also noted that the chatbot offered a low-pressure environment, 
making it easier to organise their thoughts and manage the flow of the 
session, an aspect they felt was particularly valuable during the earliest 
stages of training. As one participant explained” “I think because it was 
written format, it actually gave me time to think about my questions, 
because compared to a video format, I kind of may have felt a little 
pressure to, you know, keep a question ready in my head, but I had 
enough time to read through their answer and then give another 

Table 1 
Mean and standard deviations across the four themes.

Chatbot Avatar

Mean (sd) Mean (sd) p BF10

Responsiveness and Engagement a 0.68 (1.20) 1.14 (0.49) 0.15 0.90
Perceived Usefulness 0.62 (0.62) 0.96 (0.71) 0.004 10.70
Skill Application 0.81 (0.55) 1.01 (0.50) 0.04 1.55
Perceived Skill Improvement a 0.58 (0.97) 1.21 (0.78) 0.02 4.46

Items were rated on a 5-point Likert scale ranging from − 2 (strongly disagree) to 
+2 (strongly agree), with 0 representing a neutral response.

a Wilcoxon test used due to violation of the assumption of normality.
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question. So, I think that was a good part that I felt like to have practice 
to at least think, since we're beginners, I mean, it would be nice if we had 
time to think. And over time, I think we would get better with giving 
reflex responses”.

Taken together, these experiences suggest that AI tools are useful for 
early-stage training, helping students practice key therapeutic skills in a 
low-risk environment.

4.3.2. Safe space
Participants described the AI tool as creating a safe and non- 

threatening space for learning, where they could practice therapeutic 
skills without fear of causing harm. The assurance that they were “not 
dealing with real people” meant they were “not hurting their feelings or 
causing irreversible damage in the process of learning” (C719). This 
awareness reduced the pressure often associated with clinical training 
and helped participants feel more at ease while developing therapeutic 
skills. As one explained, “I know that this person doesn't exist, and that 
really calms my anxiety” (A200), suggesting that the simulated nature of 
the AI provided emotional security and allowed for greater confidence in 
practice. Feeling free from potential consequences also encouraged 
creativity and exploration: “Because there's no pressure, because the AI 
is obviously not real, maybe it allows me to think more outside the box 
as well, and I can experiment I don't know. It wouldn't be as ethical to 
experiment on a real-life case study” (A650).

4.3.3. A reflective process
Engagement with the AI tools encouraged participants to reflect on 

their performance, helping them recognise areas for improvement and 
develop greater awareness of their practice. The structure of the chatbot 
interaction appeared to facilitate this reflection by allowing participants 
to pause and review, as one explained, “you're able to reflect back on the 

words because you [are] reading it, I suppose” (C541). Others high
lighted that the chatbot supported in-the-moment reflection, allowing 
participants to pause and consider their responses, as “it serves the real 
purpose of rehearsing what you want to say, taking breaks and like 
giving you enough time to reflect on what you said” (C719).

This reflective process gave way to a greater awareness of how ses
sions should be structured and delivered, noting that “I noticed that I 
didn't structure the role play session effectively” (A511). Others re
flected on more specific therapeutic skills, explaining that continued use 
would help them “practice my variations because I had a bad tendency 
to keep going okay in response to what the client was saying because I 
wasn't sure how to respond to different things” (A631). For some, the 
process also strengthened their understanding of both limitations and 
existing strengths: “it showed me where I can improve and what I'm 
already good at” (A958).

4.3.4. A supplement rather than a replacement for traditional training
Participants recognised the value of AI tools in enhancing thera

peutic learning but viewed them as complementary to traditional clin
ical training. While the tools were seen as useful for practising and 
developing certain skills, they were not perceived as a sufficient sub
stitute for real-world experience: “it might help develop some skills, but 
it does not 100% reflect what is going to happen with a real client” 
(A334). Some also cautioned that AI-based training might risk over
simplifying or misrepresenting clinical presentations, noting that “if you 
use AI for that [OCD], then there's a risk that you're just going to be 
playing into stereotypes” (C631).

Concerns were further raised about over reliance on AI, as its pre
dictability might lead to unrealistic expectations of client responses: “If I 
did another AI training and I found that the responses were the same 
length, I [would] find this really unnatural, and [I'd] have a bit of a 

Fig. 3. Thematic map of participants' perceptions of AI as a clinical training tool.
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shock if I went into the real world after that” (A869). Participants re
flected that depending too heavily on AI could create an inflated sense of 
competence, where perceived success in simulated interactions might 
not translate to real-world therapeutic skills: “Maybe I could easily be 
convinced I'm a really good therapist based on AI. But if I replace it with 
a real human being, who's to say that the […] way I think I am practicing 
is good for a real human being?” (A541).

4.4. Theme 2: emulating client–based interactions

Participants felt that both AI tools (chatbot and avatar) were able to 
provide clinically accurate responses, reflecting that of a client pre
senting with anxiety or depression. It was noted that the tools provided a 
logical and well-developed client narrative, including a name, a back
ground story that elaborated on the client's decision to start therapy, and 
additional contextual information regarding the client's life. This 
narrative supported participants to feel more connected and engaged 
during the interaction, noting that this aided clinical formulation. One 
participant expressed that “when the AI was talking about his family, 
back home, he missed all his friends and all that, and he's feeling lonely 
because he thought things would get better when he, you know, moved 
out of his home, but he's actually going through challenges. I think that I 
felt a connection, you know, and an emotional and an empathetic 
connection. I think it felt kind of real.” (A832).

In addition to the richness of AI responses, many also emphasised 
that interactions felt natural, explaining that: “When I asked, ‘Can you 
go through a day in your life, what do you usually do?’ it was really 
similar to how a person experiencing depressive symptoms would 
describe their day. It didn't feel like a symptom description out of a book 
– it felt like someone was actually living their day-to-day life” (A670). 
This sense of authenticity was affirmed by others, with one noting that 
“even though it's not a real person, it sounded genuine” (C910).

Although AI responses were well received in both conditions, many 
participants expressed a distinct preference for the Avatar, reporting 
that it better replicated real therapist-client interactions. Participants 
attributed this preference to the Avatar's visual presence, which enabled 
them to interpret facial expressions and body language: “I would prefer 
[the] Avatar because I can see that person, and it feels more connected, 
like there's someone I'm talking to. That feels more real. Also, the facial 
expressions, gestures, and all added an extra layer.” (A958).

This suggests that it is not only the response content of AI tools that 
contributes to the compellingness of a simulated client, but the response 
format too. It also suggests that while the authenticity of AI tools’ con
tent is important for learning, so too are the non-verbal skills cues that 
would be available to clinicians in real therapeutic settings.

4.5. Theme 3: human touch

“You can't really replicate a therapist or a client, there's always this 
emotional aspect.”

Despite the sophistication of AI noted by many, a number of par
ticipants also felt that it lacked the ‘human touch’ essential to authentic 
therapeutic interactions. Several participants described features of the 
AI tools that reinforced the feeling that they were not communicating 
with an actual person, which, in turn, hindered their learning experi
ence. Unlike in genuine clinical settings, where empathy and rapport 
develop naturally, participants felt that the nature of AI hindered their 
ability to form a strong sense of therapeutic alliance during interactions. 
Multiple factors contributed to this lack of perceived realism, which are 
discussed in the following subthemes.

4.5.1. Technical drawbacks
In both conditions, participants raised the issue of technical artifacts 

when reflecting on their user experience, sharing that it often under
mined the authenticity of the interaction and hindered their learning 

experience. One recurring issue identified specifically in relation to the 
chatbot (ChatGPT) tool was the generation of multiple response options 
at once. Participants felt that this disrupted the natural flow of conver
sation, noting that “it was like I was just given a choice to just pick 
whatever I want to … I felt like that would be a hindrance if we use it for 
training purposes.” (C511).

In addition, some users noted that despite the use of varied questions, 
the responses of AI clients across both tools occasionally became re
petitive. an experience that reinforced participants’ the sense that they 
were interacting with a programmed system rather than a real person. 
As one participant noted, the chatbot “got stuck on one area or one 
specific version of a response,” which “made the interaction less real
istic” (C958). Others similarly described moments where the system 
“kept giving the same responses” or experienced brief lags that 
“reminded them that it was not an actual person” (A670).

4.5.2. Inauthentic client expression
Although AI was deemed effective in some regards, participants also 

felt that there were several scenarios in which it failed to capture the 
essence of genuine therapist-client interactions. Particularly, partici
pants shared that the responses provided by the AI tool often seemed 
stereotypical and emotionless, making it difficult for them to build a 
connection and communicate effectively with the client. They further 
added that the linguistic tone felt more formal than would be typical of a 
real client, and that this impeded participants' ability to develop a nat
ural conversational flow. As described by one participant, “a little bit 
more fluidity and realism in its responses” would have helped, as “the 
choice of words that the AI was using felt very non-human” (A541). 
Similarly, others felt that the AI lacked emotional depth, with one 
participant reflecting that “the emotions that it's trying to simulate come 
off as very mechanical … there's no depth to the emotions whatsoever.” 
(C719). Additionally, it was noted that they received rapid, highly 
detailed responses to everything, as expressed by a user “maybe because 
they reply really fast, maybe if they would take a bit more time to make 
it more realistic.” (C334). This contradicts real-life scenarios, as clients 
are often hesitant to share openly, and their descriptions may be vague, a 
point reflected in one participant's observation, “I think it opened up a 
little bit quicker than a regular person” (C541). Together these factors 
appeared to hinder the development of a therapeutic rapport between 
users and the AI client, as one reflected, “it didn't really feel like we had a 
therapeutic relationship, but with a person, I do feel like that usually, 
because I can use more of my skills” (C670).

4.5.3. Human-likeness of AI
Participants generally favored the avatar, finding its human-like 

features made interactions more engaging and relatable. However, 
some commented that certain facial expressions seemed off-putting and 
occasionally caused user discomfort. In addition, participants also felt 
that the avatar's speech pattern lacked natural modulation, noting a flat 
tone of voice that diminished the realism of the conversation. Reflecting 
on this, one participant expressed that: 

The design looks human. It looks like you're talking to an actual 
person, but what I'm saying is that it feels different talking to an 
actual person. And the tone of voice is also very flat; there are no 
highs and lows. I noticed that the smile felt unnatural for sure. It felt 
very jarring to be sitting and talking to an AI bot that you smiled 
inappropriately at times (A719).

In contrast, some noted that the absence of a physical appearance in 
the chatbot made it harder for them to connect or feel empathy, “the lack 
of facial recognition that the previous experiment had may have hin
dered the way I responded” (C605). These reflections highlight the 
importance of incorporating human-like avatars into AI-based training, 
as they make interactions more immersive. However, achieving a bal
ance between realism and features that feel overly lifelike yet unnatural 
is challenging. Even minor imperfections in an avatar's facial 
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expressions or speech can make it appear unnatural, exposing the lim
itations of current virtual representations in mimicking authentic ther
apeutic interactions.

4.6. Theme 4: breadth and depth of AI prompts

This theme captures participants’ reflections of the AI tools in rela
tion to the depth and complexity of the prompts, their appropriateness 
for use with different client populations and clinical presentations, as 
well as the therapeutic approaches for which they were considered most 
effective within training contexts.

4.6.1. Depth of prompts
Some participants observed that the narratives and responses pro

vided by the tools were unexpectedly complex and nuanced, exceeding 
their initial expectations that the answers would be superficial. As one 
participant explained, the AI's responses demonstrated notable depth: “It 
really explained the complexity of the symptoms, which also made me 
feel like they were really giving me all the details that I was asking for” 
(A747). This depth in the prompts seemed important, as it enhanced the 
sense of realism and allowed participants to feel emotionally connected 
to the simulated patient. This connection appeared to support the 
development of rapport and made the interaction feel more authentic.

However, other users noted that the prompts lacked sufficient detail, 
which made the tools' responses feel predictable. A lack of flexibility and 
diversity in the responses provided was felt to be detrimental to par
ticipants’ clinical approach, with some expressing that it hindered the 
structure and content of conversation necessary for effective clinical 
formulation. As one participant explained: 

Maybe a bit more context to certain responses would be helpful. I feel 
like some of the responses were really, really generic. So you can't 
really ask leading questions, because if the bot is just going to 
mention a certain feeling or a certain thought pattern, they're not 
really specifying what that is. So it's a bit hard to kind of keep the 
conversation flow going (C200)

Another participant had a similar experience: “I was just trying to get 
to the bottom of the issue, and it just kept saying, oh yeah, uh, just been 
feeling socially anxious, like, uh, I've been thinking that everyone thinks 
I'm stupid or whatever. And no matter how much I tried to steer the 
conversation away from that, it kept circling back to that, which I found 
very jarring” (C719).

These varied experiences highlight that AI-based training tools 
depend on the quality and depth of their prompts. When prompts do not 
capture the full scope of a client's emotional, behavioural, and contex
tual experiences, the effectiveness of these tools diminishes. As a result, 
the tools may become less capable of supporting core clinical tasks like 
linking emotions to behaviours, identifying risks and protective factors, 
or developing formulations.

4.6.2. Suitability and diverse clinical presentations
Participants often reflected on the contexts and situations in which 

the use of AI tools for clinical training purposes would be most ethical 
and appropriate. Most agreed that these tools would be most useful for 
formulating symptoms of anxiety and depression, as per the vignettes 
provided in the present study; however, concerns were raised about the 
capacity AI to accurately conceptualise more complex psychological 
disorders, such as personality disorders, OCD, or trauma-related disor
ders: “I think the more complex mental health conditions, like schizo
phrenia, psychosis, personality disorders, I don't think an AI would ever 
be able to have the nuance or be able to show the variation of the 
symptoms that we could ever see in the real world” (A631). Another user 
similarly reflected that because “this was talking about […] struggling 
with depression, it was very good, but if it was talking about something 
like the loss of a family member or something that was a lot more deeply 
personal and very emotional. I wonder if the avatar would be able to 

fully express that.” (A958). These reflections suggest that while AI might 
present an adequate training tool in clinical contexts where symptom 
profiles are typically well defined, it may not be appropriate for the 
training of disorders where client presentations are often heterogeneous 
and demand clinical nuance.

Similarly, while participants viewed the tools as potentially useful 
for work with young adults and teenagers, they expressed greater 
caution about extending its use to training for children or individuals 
with disabilities. Indeed, participants felt that simulating minority 
groups’ experiences presented ethical concerns, with a particular risk of 
reinforcing damaging stereotypes or misrepresenting lived experiences. 
As one participant reflected, “I think possibly children, because […] I 
think trying to interact with an AI [and] trying to pretend to be a child 
could have some ethical issues” (A631). Together, participants felt that 
while AI tools stand to be useful, their applications to broader clinical 
scenarios should be considered with caution and care.

4.6.3. Therapeutic modalities
Due to its straightforward and structured nature, participants 

generally agreed that cognitive behavioural therapy (CBT) was the most 
suitable training application of AI. However, one participant felt that 
there was also scope for AI tools to be adapted to support other thera
peutic approaches, noting that the opportunity to apply a range of 
theoretical concepts in AI client-facing interactions could stand to 
deepen students’ understanding of different therapeutic approaches: 

But if we, as therapists, have a particular model in mind, like maybe 
say we are learning about a certain model today, and I specifically try 
to use that model, I feel it would be a good way to practice. Maybe we 
have a class structure where we're learning, and then we have a 
practical session. And then we are instructed to use this modality 
today and see how this works, and then another week we use another 
modality and see the difference in responses” (C747).

4.7. Theme 5: awareness of AI

An inherent awareness of engaging with AI appeared to heavily 
shape participants' perception of their interactions, with some express
ing unease about the growing influence of technology in therapeutic 
settings: “I do have a thing in my head that AI would take over our 
profession maybe someday” (A747). This awareness also informed their 
expectations, engagement, and approach to the interaction, expressing 
that: “I just knew it was not an actual person, so I started with that 
preconception” (C670). Despite recognising that the AI tools often 
simulated empathy well, participants nonetheless felt that the tool's 
expressions of emotion sometimes felt “mechanical” or “premeditated”. 
For example, one participant shared “I know it's not real, it's in my head 
that it's not real, but at the same time, some of the responses felt like, oh, 
you know, [something] a client could give” (C511). A continuous 
awareness of the interaction's artificiality was evident, as captured by 
one participant who stated, “I was not talking to someone real, so that 
thought was always there in the back of my head when I was interacting 
with it” (A719). Ultimately, some participants felt that AI itself posed a 
limitation to their learning. While technical issues such as auditory lags 
and visual glitches were seen as minor and potentially fixable, the 
knowledge that they were interacting with a non-human agent influ
enced how seriously they engaged with the task. This heightened 
awareness of AI reduced their sense of interpersonal responsibility, 
making the task less emotionally demanding and limiting their oppor
tunities to practice key therapeutic skills.

5. Discussion

The current study investigated whether artificial intelligence (AI) 
simulations, specifically a text-based chatbot and a voice-based avatar, 
could support the development of clinical skills among postgraduate 
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clinical psychology students. Across all measured domains, both tools 
were evaluated positively. These findings provide early indications that 
AI simulations may help supplement existing clinical training ap
proaches, particularly by offering additional accessible opportunities for 
students to practise skills. Together, the results suggest that integrating 
AI simulations into professional training programmes may contribute to 
bridging the persistent gap between academic knowledge and applied 
therapeutic skills. Beyond applied training implications, these findings 
also support our broader rationale for using clinical psychology in
teractions as a model environment through which to study modality 
effects. Therapy inherently involves nuanced relational judgement and 
value-relevant interpersonal reasoning. Accordingly, this domain pro
vides a useful context for examining how different forms of AI 
embodiment may influence social presence, perceived social value, and 
the cognitive processes engaged during complex interpersonal problem- 
solving.

Students reported that both the chatbot and avatar provided clini
cally appropriate responses, offered useful opportunities to practise 
skills, and enhanced their perceived confidence. This positive evaluation 
of both tools was echoed in the qualitative findings, which provided 
deeper insight into why participants found them effective. Students 
described the chatbot and avatar as generating coherent, realistic client 
narratives that closely mirrored genuine therapeutic interactions. The 
rich back stories and contextual details enabled participants to feel 
emotionally connected to the simulated client, supporting emotional 
engagement and facilitating case formulation. Many noted that the ex
changes felt like authentic client disclosures rather than scripted dia
logue, reinforcing the perception that these tools offered meaningful 
practice. This realism was central to participants' engagement, encour
aging them to respond as they would in real therapy and to confidently 
apply their developing clinical skills. These perceptions align with 
emerging findings that AI-driven tools can simulate meaningful thera
peutic dialogue and strengthen students’ readiness to engage in real- 
world practice (Sanz et al., 2025). Positive evaluations also support 
the idea that trainees in early stages of professional identity develop
ment may be especially receptive to innovative learning approaches 
(Venkatesh et al., 2016). As mental health training programmes 
continue to confront capacity challenges and rising service demands, the 
potential value of scalable and flexible training support such as AI is 
particularly noteworthy.

Taken together, the qualitative themes provide a coherent explana
tory account of the quantitative pattern of results. Participants described 
higher emotional attunement, immersion, and access to non-verbal cues 
when interacting with the avatar, which helps explain why the avatar 
was rated more highly for perceived usefulness, skill application, and 
perceived improvement. This is consistent with Media Richness Theory 
suggesting that richer modality cues increase social presence and shape 
perceived value during complex interpersonal tasks (Daft & Lengel, 
1986). In contrast, the chatbot was most strongly associated with 
reflection, reduced performance pressure, and cognitive pacing, sug
gesting that text-based interactions may be particularly beneficial at 
early stages of training when students are still consolidating formulation 
skills. Importantly, many participants emphasised that AI should sup
port, rather than replace, core clinical learning, functioning as an 
adjunct that scaffolds reflective practice rather than displacing real 
human interaction. Qualitative concerns about predictability, emotional 
flatness, and limits in realism also align with the absence of a significant 
difference in responsiveness and engagement quality, indicating that 
although embodiment improves perceived value, current systems do not 
yet fully approximate the dynamic nuance of human therapeutic 
interaction.

5.1. Comparative insights: avatar vs chatbot

Despite the broadly positive perceptions, the avatar consistently 
received higher ratings for perceived usefulness, skill application, and 

perceived skill improvement. The qualitative findings help explain this 
difference. Participants emphasised that the avatar's human-like fea
tures, such as facial expressions, gestures, and vocal tone, helped them 
feel more immersed and emotionally attuned during interactions. They 
specifically mentioned that, with the avatar, they felt as though the 
simulated client genuinely considered their input, which enhanced the 
perception of a reciprocal, human-like interaction. Although clinically 
accurate conversations were valued in both tools, the addition of 
embodied cues seems to add an extra layer of realism that mirrors real- 
world therapeutic interactions. These findings correspond with broader 
simulation literature in which visual embodiment and non-verbal 
communication enhance realism, immersion, and sustained motivation 
to practise (Fink et al., 2024). In clinical work, emotional attunement, 
rapport, and interpretation of facial expressions and vocal tone are 
essential to effective communication (Wiltshire et al., 2020). The ava
tar's capacity to convey such cues may therefore have enabled students 
to engage more naturally with relational dynamics that are difficult to 
replicate through text alone. Research grounded in Social Presence 
Theory (Oh et al., 2018) suggests that when systems appear more hu
manlike, people instinctively respond to them as social partners. This 
tendency likely contributed to the avatar's heightened sense of realism 
and the stronger perception that skills were being applied authentically.

While our findings suggest advantages of embodied avatars, prior 
work indicates that greater realism does not always improve user 
experience. For example, users may prefer stylised or animated avatars 
over highly human-like ones when subtle inconsistencies make realistic 
agents feel unnatural (Salehi et al., 2022). This aligns with participants’ 
reports that some avatar expressions felt “jarring.” Overall, this suggests 
that the benefits observed here may reflect not simply increased 
human-likeness, but how effectively multimodal cues support 
task-relevant processes such as emotional interpretation and conversa
tional flow.

By comparison, the chatbot demonstrated unique benefits that align 
with early training needs. Text-based interactions allow more time for 
reflection, careful question phrasing, and structured conceptual pro
cessing. Qualitative findings indicated that participants experienced 
reduced pressure when interacting with the chatbot, which in turn 
enabled them to organise and manage the session more effectively. This 
matches research showing that slower-paced exchanges support clearer 
communication and deeper cognitive processing among novice practi
tioners (Graesser et al., 2014). Chatbots may therefore be particularly 
suitable in the initial stages of training, before students transition to the 
more complex social demands of embodied, relational interactions. A 
scaffolded progression from chat-based to avatar-based simulation may 
be optimal, aligning with developmental learning principles that 
emphasise gradually increasing complexity and autonomy (Nestel & 
Bearman, 2015).

In both conditions, students reported heightened awareness of their 
strengths and areas for improvement, suggesting that AI simulations can 
stimulate metacognitive processes central to professional skill develop
ment. Theoretical models posit that emotionally and cognitively 
engaging learning experiences strengthen self-regulation, support 
deeper learning, and enhance skill transfer to real-world settings 
(Efklides, 2011). This notion is further supported by the qualitative 
findings, where several participants described actively reflecting on 
their clinical approach during and after the interaction. They noted that 
the simulations helped them recognise gaps in their approach, ques
tioning style, or formulation skills, as well as areas where they felt 
confident. Avatar interactions may have activated these processes more 
strongly by creating a sense of being observed, which can heighten focus 
and motivation through the audience effect (Hamilton & Lind, 2016).

5.2. Ethical and pedagogical considerations

While promising, these findings also raise important ethical and 
pedagogical considerations. Artificial-intelligence-generated emotional 
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expressions are derived from algorithmic patterning rather than from 
embodied, lived experience; therefore, trainees must be supported to 
critically evaluate a diverse range of emotional expressions rather than 
synthetic generalisations (Barrett, 2017). Issues of cultural bias and 
representation are also salient: if training data encode biased assump
tions or linguistic norms, AI-simulated clients risk reproducing stereo
types rather than promoting cultural responsiveness (Ghotbi, 2022). 
Moreover, favourable perceptions observed here may be influenced by a 
novelty effect, in which new technologies are evaluated positively 
merely due to their unfamiliarity or visual sophistication (Wells et al., 
2010). Future research should assess whether engagement and 
perceived educational value persist as avatars become more common
place in training settings.

Ethical considerations further extend to data privacy and profes
sional governance. Institutions must ensure transparent data handling, 
safeguard confidentiality, and maintain oversight of AI-mediated in
teractions to prevent inappropriate automation of professional judge
ment. Importantly, enthusiasm for emerging technologies must not 
overshadow the irreplaceable value of human supervision, empathy, 
and lived relational feedback.

6. Implications for HCI design

Findings from this study offer several implications for the design of 
AI-based interactive systems, particularly those intended to support 
socio-emotional skill development. First, the advantage of the embodied 
avatar highlights the value of multimodal communication cues such as 
facial expression, gaze, prosody, and timing in fostering social presence 
and naturalistic interaction, consistent with previous research into 
conversational agents (Cassell, 2000) and social presence theory (Biocca 
et al., 2003). Designers of training-oriented AI systems should therefore 
prioritise modalities that approximate human communicative affor
dances, especially when authenticity, empathy, and relational attune
ment are central to the task. Incorporating subtle behavioural dynamics, 
including variable response latency, hesitation, and adaptive emotional 
tone, may further enhance realism and better mirror the irregularities of 
human disclosure (Nass & Moon, 2000).

Second, the unique benefits associated with the text-based chatbot 
highlight the importance of cognitive pacing, reduced performance 
pressure, and reflective structure in early-stage learning (Amershi et al., 
2019). For novice users, interfaces that slow the interaction, display 
turn-taking clearly, and allow users to revisit earlier content may sup
port deeper metacognitive engagement. These findings suggest oppor
tunities for adjustable pacing controls, transcript-based reflection tools, 
and scaffolding elements that adapt to user skill level. Rather than 
viewing text and embodied modalities as competing, designers may 
consider hybrid or progressive systems that shift from text to voice or 
embodiment as learners gain confidence.

Third, participants’ concerns about stereotyped, repetitive, or overly 
polished responses indicate the need for greater variability, imperfec
tion, and contextual sensitivity in AI-generated behaviour, reinforcing 
known limitations around predictability of conversational agents 
(Bickmore & Picard, 2005). Training tools that aim to emulate human 
clients should therefore incorporate mechanisms that increase vari
ability, contextual sensitivity, and the expression of uncertainty. This is 
consistent with design principles emphasising nuance, imperfection, and 
emotional resonance in human–AI interaction (Kolomaznik et al., 2024). 

Finally, students viewed the tools as helpful but not as replacements 
for real human interaction, which underscores the importance of 
transparency and appropriate boundaries in design, especially 
around supporting, rather than replacing, human expertise 
(Schmager et al., 2025). AI training tools should communicate their 
purpose clearly as supplementary and low-risk practice partners and 
should avoid overstating their capabilities. Designers must consider 
ethical safeguards, including features that discourage overreliance, 

encourage transfer to human-led learning, and flag conversations 
involving sensitive content or risk.

Taken together, these implications suggest that AI-based training 
systems should be designed not only to simulate conversation but to 
meaningfully support the socio-cognitive and emotional processes that 
underlie complex interpersonal work. Effective human-computer inter
action in this domain requires careful attention to modality, pacing, 
emotional authenticity, and the pedagogical role of the system within 
broader training ecosystems.

7. Limitations and future directions

Several limitations must be considered when interpreting these re
sults. The sample of the study was predominantly female; this reflects 
the demographic composition of the clinical psychology profession, in 
which women constitute the majority of practitioners and trainees 
(British Psychological Society, 2022). Nevertheless, the limited repre
sentation of male and non-binary participants may restrict the gener
alizability of the findings across all gender groups. Future research 
should aim to recruit a more gender-balanced sample to determine 
whether perceptions of AI-based training tools differ by gender.

The study examined perceptions of AI in a select and important 
cohort—postgraduate clinical psychology students about to embark on 
clinical training and careers. Although focusing on this population is a 
strength, the relatively small sample size limits statistical precision and 
the generalizability of the findings. While the within-subjects design 
increases statistical efficiency and the inclusion of Bayesian analyses 
provides a complementary assessment of the strength of the evidence, 
these approaches do not eliminate the limitations associated with a 
modest sample. Accordingly, the findings should be interpreted as pre
liminary and replicated in larger and more diverse samples of trainees 
and practising clinicians.

Furthermore, the study involved brief, single-use interactions, 
meaning long-term engagement, skill transfer, and the durability of 
perceived benefits remain unknown. Additionally, the current scenarios 
reflected moderate-severity cognitive-behavioural presentations; future 
work should explore different therapeutic modalities and more complex 
client profiles. Qualitative feedback also revealed that occasional tech
nical issues and repetitive responses disrupted immersion and hindered 
their experience.

A further limitation concerns the consistency of the simulated patient 
across interactions. Although both conditions were driven by matched 
prompts, the system relied on a large language model to generate re
sponses dynamically, which introduces variability in how the virtual 
patient behaves across sessions. Consequently, complete consistency 
across interactions could not be guaranteed, as subtle variations in AI- 
generated responses, such as differences in articulateness, emotional 
expressiveness, or responsiveness, may have influenced participants' 
experiences and, in turn, their questionnaire ratings and qualitative 
reflections. While such variability may be less critical for subjective 
evaluations of user experience, it nonetheless limits experimental con
trol and should be considered when interpreting differences between 
conditions.

Moreover, several aspects of the interaction differed simultaneously 
between conditions. In addition to the presence of an embodied avatar, 
participants also interacted using spoken rather than typed communi
cation, experienced different conversational pacing, and received au
diovisual rather than text-based responses. Consequently, the present 
study cannot determine which specific feature, or combination of fea
tures, was primarily responsible for the observed differences in partici
pants' perceptions. Future research should aim to isolate these 
individual components to better understand their respective contribu
tions to learning experience and perceived educational value.

Furthermore, despite the absence of clinically inappropriate or 
inaccurate AI-generated responses identified in the present study, large 
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language models remain susceptible to hallucinations and other inac
curacies. As such, prompt refinement, clinician oversight, and routine 
quality assurance procedures should be incorporated when implement
ing AI-based training tools to minimise these risks and ensure the ac
curacy and clinical appropriateness of AI-generated interactions.

In addition, the findings are based on participants' self-reported 
perceptions rather than objective measures of clinical skill develop
ment. Although participants perceived the AI tools as supporting their 
clinical skills, confidence, and learning, these findings should be inter
preted with caution, as perceived improvements do not necessarily 
reflect actual clinical competence or performance.

Addressing these prompt, design and methodological limitations will 
be crucial for maintaining engagement, ensuring authenticity, and 
strengthening the validity of future research. This could be achieved by 
recruiting larger and more diverse samples and incorporating behav
ioural, linguistic, or physiological indicators of engagement to validate 
objective skill development. Longitudinal studies will be essential to 
determine whether early gains translate to improved placement per
formance and confidence under real clinical conditions. Evaluating cost- 
effectiveness and exploring how multimodal feedback can be integrated 
into supervision may enhance implementation feasibility.

8. Conclusion

To our knowledge, this is the first study directly comparing 
embodied and text-based AI clients within clinical psychology training, 
and it shows that modality meaningfully shapes perceived skill value 
and learning experience. In conclusion, the present study provides 
preliminary evidence that AI simulations may support early-stage clin
ical psychology education by offering realistic, accessible opportunities 
to practise therapeutic skills in low-risk environments. Both chatbot and 
avatar modalities were perceived as valuable, with the avatar offering 
added benefits through social and emotional expressiveness. Subjective 
insights further highlighted that while students viewed these tools as 
useful, particularly in the early stages of training, they did not consider 
them substitutes for traditional teaching or supervision. Instead, par
ticipants emphasised that AI simulations should complement, rather 
than replace, human-led practice and feedback. While AI simulations 
cannot replicate the complexity of real therapeutic relationships, the 
findings suggest that they may complement existing training approaches 
by providing learning experiences that students perceive as engaging, 
supportive, and confidence-building. However, these conclusions should 
be interpreted with caution, as the study evaluated participants' per
ceptions rather than objective measures of clinical competence or 
therapeutic performance. As demand for mental health services grows, 
responsible integration of AI-based simulations may serve as one useful 
supplementary tool within existing training ecosystems.
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