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Abstract

Automated feedback is increasingly cited as
a key advantage of Al-based psychotherapy
training, yet the clinical groundedness of LLM-
generated supervisory feedback remains un-
evaluated. We present an expert evaluation of
supervisory feedback generated by PRACTICE,
an LLM-powered open-ended psychotherapy
training simulator, across 21 feedback instances
from four novice trainees. Two clinical psy-
chology experts independently coded 167 feed-
back propositions as Justified, Unjustified, or
Unsure. Inter-rater reliability was near-perfect
(raw agreement = 98.2%; x = 0.902). Of the
167 propositions, 149 (89.2%) were rated Jus-
tified; however, 52.4% of feedback instances
contained at least one non-justified proposi-
tion, and qualitative analysis identified three
recurring failure types: unsupported clinical
inference, referential grounding error, and prag-
matic failure. In clinical training contexts, even
low error rates carry ethical weight: unjustified
feedback risks reinforcing inappropriate clini-
cal behaviors in trainees that can be transferred
to real practice. These findings provide an ini-
tial empirical basis for the responsible deploy-
ment of LLM-generated feedback in clinical
training and call for traceable, expert-auditable
feedback architectures.

1 Introduction

Training novice psychotherapists requires repeated,
deliberate practice in conditions that are safe, struc-
tured, and clinically realistic. Traditionally, this has
relied on role-plays with peers or supervisors, meth-
ods that are resource-intensive, difficult to standard-
ize, and constrained by access to supervisors’ time.
The emergence of large language model (LLM)-
based conversational agents has opened a new av-
enue for scalable, on-demand simulation of clinical
interactions.

A growing body of work demonstrates the feasi-
bility and perceived value of this approach. LLM-
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driven virtual clients have been shown to be per-
ceived as realistic by trainees, to offer a psycholog-
ically safe environment for skill rehearsal, and to
support gains in counseling self-efficacy (Beeson
et al., 2025; Jeong et al., 2025; Tian et al., 2025).
Various platforms have demonstrated feasibility
across different training populations, with trainees
reporting high usability, learning gains, and value
relative to traditional role-play (Cabrera Lozoya
et al., 2025; Stige et al., under review). Automated
feedback is consistently cited as a key advantage
of Al-based training over traditional role-play, and
trainees who engage with feedback features tend
to report greater satisfaction and perceived clinical
impact (Kopelovich et al., 2025b).

Progress has also been made on the technical
validation of automated feedback. Kopelovich et al.
(2025a) developed and validated a machine learn-
ing system capable of scoring discrete CBT compe-
tencies in response to standardized client vignettes,
achieving strong human-ML agreement (mean ICC
=.77; rs = .74). Zilcha-Mano (2025) argues that
this work marks a new era for clinical training
and envisions its extension to increasingly complex
training contexts. Importantly, however, this line
of work targets model-specific skills, behaviorally
discrete CBT techniques such as psychoeducation,
behavioral activation, and reality testing, evaluated
through structured, constrained performance tasks.

What remains unaddressed is whether LLM-
generated feedback can be clinically grounded in
more open-ended conditions, where trainees en-
gage in free dialogue, clinical skills are transthe-
oretical rather than model-specific, and feedback
must be anchored in the emergent dynamics of a
real interaction rather than a constrained perfor-
mance task. PRACTICE (Psychotherapy Realistic
Al Conversation for Training In Clinical Expertise)
was designed to operate in precisely this space.
Rather than model-specific techniques, it targets
transtheoretical interpersonal skills grounded in
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common factors, the Helping Skills and the Facil-
itative Interpersonal Skills (FIS) framework, the
relational capacities that consistently differentiate
therapist effectiveness across theoretical orienta-
tions (Anderson et al., 2016; Fliickiger et al., 2018;
Del Re et al., 2021; Wampold and Owen, 2021).
These skills unfold through free, open-ended dia-
logue with a dynamically responsive virtual patient,
and feedback is generated on demand via retrieval-
augmented generation (RAG) grounded in clinical
training manuals.

Existing work has examined whether trainees
perceive feedback as useful (Stige et al., under re-
view) or face-valid (Kopelovich et al., 2025b), but
perceived usefulness is not the same as clinical jus-
tification. This distinction carries ethical weight: in
therapist training, feedback that is not grounded in
the actual interaction does not merely fail to help,
it actively shapes the clinical habits of practitioners
who will eventually work with people in genuine
distress.

In this paper, we present the first expert evalua-
tions of clinical groundedness in LLM-generated
supervisory feedback produced under open-ended,
conversational conditions. We describe PRAC-
TICE and its RAG-based feedback architecture,
report expert clinical judgments on 167 automati-
cally generated feedback propositions, and charac-
terize recurring patterns of justification and failure.
These findings provide an initial empirical basis
for evaluating LLM-generated feedback in clinical
training and inform its responsible use.

2 System Description

PRACTICE is a web-based psychotherapy train-
ing platform in which trainees conduct open-ended
simulated clinical sessions with an LLM-powered
virtual patient. The platform uses the OpenAl API
governed by a behavioral control architecture de-
signed to counteract the natural tendency of LLMs
toward premature helpfulness. Four relational pa-
rameters, openness, emotional intensity, collabora-
tion, and readiness for change, are updated turn-by-
turn based on the trainee’s interventions, producing
a dynamically responsive patient whose relational
stance evolves as a function of the quality of the
trainee’s clinical engagement. A gating mechanism
prevents the virtual patient from moving toward
concrete problem-solving until the trainee has es-
tablished sufficient relational ground, operational-
ized as a threshold value of readiness for change.

Three clinical cases are available, covering frustra-
tion and confrontation, acute anxiety and emotional
dysregulation, and ambivalence in the context of
substance use.

Feedback is generated on demand: trainees may
request it at any point by entering a dedicated com-
mand, which triggers a retrieval-augmented gen-
eration (RAG) pipeline, a technique in which the
model’s output is conditioned on passages retrieved
from a predefined document collection rather than
relying solely on pretrained knowledge, grounded
in the Facilitative Interpersonal Skills (FIS) coding
manual (Anderson et al., 2009) and a therapeu-
tic skills training manual developed for the plat-
form. Each feedback response comprises three
structured components: validation of observed
strengths, identification of one area for improve-
ment with behavioral examples drawn from the
session transcript, and an encouraging closing state-
ment (See Appendix A, for an example). At the
time of data collection, feedback was generated us-
ing gpt-5 via the OpenAl API. The RAG pipeline
used LangChain’s default retrieval configuration
with top-k = 4, chunk size of 1,000 characters, and
a chunk overlap of 200 characters.

3 Methods

Participants were four psychology trainees (3
women, 1 man; age range 31-42, M = 37.5 years)
enrolled in a postgraduate clinical training program.
All reported fewer than two years of specific psy-
chotherapy training. Trainees completed between 3
and 6 simulated clinical sessions each (M = 5.25),
selecting freely among the three available clini-
cal cases, with one participant requesting feedback
twice within a single session, yielding 21 feedback
instances across 20 unique sessions, conducted in
Spanish. At the end of the training, trainees rated
the overall quality of the feedback received using
a brief measure adapted from established frame-
works in clinical education (Alsahafi et al., 2023;
Johnson et al., 2021).

Each feedback instance was segmented into
atomic propositions, yielding 167 codeable units in
total. Propositions were defined as minimal units
of meaning corresponding to a single clinically in-
terpretable claim (e.g., a skill, behavioral example,
or evaluative statement). Segmentation was con-
ducted jointly by both raters prior to independent
coding, ensuring a shared unit of analysis. Two
clinical psychology experts independently coded
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each proposition as Justified (grounded in behavior
observable in the session transcript), Unjustified
(contradicted by or unsupported by the transcript),
or Unsure (insufficient evidence to adjudicate), us-
ing a coding system grounded in the Facilitative
Interpersonal Skills framework (Anderson et al.,
2009). See Appendix A, for an example of an an-
notated feedback instance. Both raters were male
psychologists and psychotherapists, with 9 and 18
years of clinical experience respectively. Raters
worked from a standardized protocol including the
full session transcript in the original Spanish, the
original feedback text, and the propositions, and
were blind to each other’s judgments. The feed-
back instance presented in Appendix A has been
translated into English by the authors for accessi-
bility; proposition boundaries and expert verdicts
are identical to those applied to the original Span-
ish text. Inter-rater reliability was assessed using
Cohen’s « (Landis and Koch, 1977). Propositions
rated as non-Justified under full rater agreement
were subjected to a secondary qualitative analysis
to identify systematic patterns of feedback failure.

4 Results

Of the 167 propositions, 149 (89.2%) were rated
Justified by both experts, 9 (5.4%) as Unjustified,
and 6 (3.6%) as Unsure, yielding 15 (9.0%) non-
justified propositions in total (See Figure 1). Inter-
rater agreement was high (98.2%; « = 0.902, 95%
CI[0.79, 1.00]), with disagreements limited to bor-
derline cases between Justified and Unsure. Each
participant received at least one non-justified propo-
sition from PRACTICE, with individual rates rang-
ing from 3.2% (P007, 1/31) to 12.7% (P046, 7/55),
with PO11 at 4/37 (10.8%) and PO12 at 3/44 (6.8%).
Each feedback instance comprised, on average, 8.0
propositions (SD = 1.9) and 277.5 words (SD =
67.0). On average, trainees received 0.71 non-
justified propositions per feedback instance (SD
=0.90). Across a typical five-session training tra-
jectory, this translates to approximately 3—4 non-
justified propositions out of ~40 received.

At the feedback-instance level, 11 of 21 feed-
back instances (52.4%) contained at least one non-
justified proposition (See Figure 1). Among these,
the mean number of non-justified propositions was
1.36 (range: 1-3) and in 9 of the 11 cases, only a
single proposition was non-justified. The remain-
ing 10 instances (47.6%) were fully grounded. Non-
justified propositions were disproportionately con-

centrated in the Strengths component of feedback
(9/58, 15.5%), compared to Area for Improvement
(3775, 4.0%) and Actionable Suggestions (3/34,
8.8%). Given the small sample size and the nested
structure of the data, no inferential test was applied
to this comparison.

Qualitative analysis of the 15 non-justified
propositions identified three failure types (See
Table 1). Unsupported clinical inference (n = 8)
occurred when the described behavior existed in
the transcript but was rendered through
unverifiable inferences about patient-internal
states, mislabeling of the clinical skill involved, or
an implied behavioral absence without observable
referent. Referential grounding error (n = 3)
occurred when the system drew on real session
material rendered inaccurately through inexact or
partially  incorrect  quotation, logically
disconnected elements within a single proposition,
virtual patient behaviors that were misattributed to
the trainee, or behaviors that did not occur in the
session as described. Pragmatic failure (n = 4)
occurred when a proposition was found to be
semantically ambiguous or unintelligible,
impeding reasonable understanding.
Notwithstanding these findings, trainees rated the
overall quality of the feedback highly (M =
9.88/10, range 9.50-10.00).

Table 1: Illustrative examples of failures

Failure type Example proposition

“You validated her experience (‘“We have
all the time in the world’)[...]”
Coder note: That quote does not describe

Unsupported
clinical infer-
ence

(n=28) validation.
Referential “[...] you were able to name more pre-
grounding cisely what Claudia expressed (fear of be-
error ing judged, ‘a thousand open eyelashes’)
(n=3) to increase rapport.”
Coder note: The quotes given as examples
are from Claudia, not the therapist.
Pragmatic “For anxiety: co-project a 2-step plan an-
failure chored to cues (‘if I notice acceleration:
(n=4) I grab a bottle, breathe 1 cycle, bridge

phrase: let me organize the thought’).”
Coder note: The confusing language
makes the utility of this suggestion difficult
to assess.

5 Discussion

The central finding of this study is that PRACTICE
generates clinically justified feedback at a high rate:
89.2% of propositions were rated as grounded in
observable trainee behavior by both expert raters.
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Figure 1: Proportion of justified and non-justified units at two levels of analysis.

Proposition level
(n=167)

Instance level
(n=21)

This result is encouraging for the responsible de-
ployment of LLM-based feedback in open-ended
clinical training, and extends the evidence base
beyond trainee-reported face validity (Kopelovich
et al., 2025b; Stige et al., under review) to indepen-
dent expert judgment.

The picture becomes more nuanced at the
feedback-instance level. Across 21 feedback
instances, 52.4% contained at least one unjustified
or uncertain proposition. This does not mean that
half of all feedback is clinically problematic, as
the majority of propositions within each instance
remained grounded. Rather, the proposition-level
and instance-level analyses capture different
aspects of system reliability: proposition-level
rates estimate the overall density of grounded
versus  non-grounded  claims, whereas
instance-level rates estimate the likelihood that
trainees encounter at least one problematic
proposition within an otherwise largely grounded
feedback response. In a context of deliberate skill
acquisition, even a small number of such
inaccuracies may be consequential, as trainees
may treat automated feedback as authoritative and
lack mechanisms to identify or correct individual
errors within otherwise plausible feedback. For
example, a trainee may receive positive
reinforcement for having “validated” a patient’s
experience when the cited intervention does not
actually constitute validation. If accepted
uncritically, such feedback could, over repeated
interactions, reinforce inaccurate understandings
of core therapeutic skills and contribute to
clinically suboptimal interaction patterns.

This interpretive risk is compounded by a well-
documented blind spot in clinical self-assessment.
Therapists and trainees systematically overestimate
the quality of their own performance and are un-
able to detect failures in their clinical work without
external corrective feedback (Hannan et al., 2005;
Hatfield et al., 2010; Walfish et al., 2012). The
near-ceiling trainee ratings of feedback quality ob-
served in the present study (M = 9.88/10) are con-
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89.2% 5.4%
47.6 % 52.4%

M Justified / Fully grounded B Non-justified / >1 error

Unsure

sistent with this pattern, suggesting that trainees
may not reliably discriminate between justified and
non-justified propositions on the basis of perceived
quality alone, though this inference was not directly
tested in the present design. If clinicians cannot
reliably detect failures in their own therapeutic be-
havior, it is unlikely that novice trainees can detect
failures in automated feedback about that behav-
ior. Tracey et al. (2014) further argue that the ab-
sence of expertise development in psychotherapy
is directly attributable to therapists’ lack of access
to quality outcome information, a structural prob-
lem that unsupervised LLM-based feedback may
reproduce rather than solve. Deliberate practice re-
quires accurate, granular, and correctable feedback
as a precondition for skill refinement (Chow et al.,
2015); feedback that is partially grounded in unsup-
ported clinical inferences or pragmatically opaque
behavioral referents undermines this process.

These risks must be contextualized against what
is known about human clinical supervision. To our
knowledge, no study has systematically measured
the rate of ungrounded claims in human supervi-
sory feedback provided under equivalent condi-
tions, that is, from transcript review without di-
rect session observation. More fundamentally, the
goal of clinical supervision is not propositional ac-
curacy but the simultaneous pursuit of formative,
normative, and restorative functions: facilitating
skill development, ensuring ethical practice, and
supporting the supervisee’s professional growth
(Bernard and Goodyear, 2019; Milne, 2007). Eval-
vated against this standard, the feedback generated
by PRACTICE, despite its documented imperfec-
tions, appears capable of serving a legitimate scaf-
folding function, opening interpretive possibilities
and constructing actionable paths for clinical im-
provement.

It is worth noting that the operationalization of
clinical groundedness adopted here does not re-
duce to purely descriptive correspondence with the
transcript. The coding scheme was applied by clin-
ical experts with 9 and 18 years of psychotherapy



experience, whose judgments necessarily incorpo-
rated clinically informed interpretation constrained
by observable interactional evidence. Accordingly,
propositions rated as Justified could include clin-
ically warranted inferences, not merely literal be-
havioral descriptions. In this sense, the criterion
captures something closer to expert-validated in-
ferential groundedness than to strict transcript mir-
roring. At the same time, transcript-based eval-
uation remains inherently limited in its access to
psychotherapy processes that may unfold beyond
explicit verbal content, particularly those involving
relational depth, emotional engagement, or trans-
ferential dynamics. Thus, even feedback judged
as fully grounded may capture only part of the
clinically relevant processes involved in therapeu-
tic development. Future work should therefore
examine not only whether feedback is grounded,
but also whether it is timely, actionable, and clini-
cally generative. Notwithstanding these conceptual
caveats, what the 9% non-justification rate does
demand is sustained effort to minimize errors and,
critically, to prevent the reinforcement of clinically
inappropriate behavior: an outcome that did not
occur in the present sample, but that falls within
the range of risk the current architecture carries.
The disproportionate concentration of non-justified
propositions in the Strengths component (15.5% vs.
4.0% in Area for Improvement) is plausibly linked
to a structurally predictable pressure: a generative
model with a template-driven obligation to identify
strengths may over-calibrate to linguistic plausi-
bility when transcript evidence is weak, absent or
undetected.

The three failure types identified here can be sit-
uated within the NLP literature on faithfulness fail-
ures in retrieval-augmented generation (RAG). Fol-
lowing Huang et al. (2025), faithfulness-related hal-
lucinations occur when generated content diverges
from the source material provided to the model, in
this case, the session transcript. Two of the failure
categories clearly reflect this pattern: Unsupported
clinical inference arises when observable transcript
content is rendered through unverifiable interpre-
tive inferences or mislabeling of clinical processes,
while Referential grounding error corresponds to
attribution and grounding failures (Ji et al., 2023),
in which behaviors are misattributed to the trainee
or cited inaccurately. By contrast, Pragmatic fail-
ure reflects a pragmatic generation failure in which
the proposition becomes difficult to interpret or op-
erationalize despite remaining loosely related to

the session content. Importantly, these errors differ
from broader factuality hallucinations, as the sys-
tem generally has access to the relevant source ma-
terial through the RAG pipeline but fails to remain
fully faithful, interpretable, or clinically grounded
in its use of that material. This framing positions
the present dataset as a potential resource for de-
veloping domain-specific evaluation methods for
grounded clinical text generation.

These findings point to a broader architectural
challenge for the field. The failure modes docu-
mented here are not unique to PRACTICE, they are
inherent to any system in which LLM-generated
clinical claims remain opaque and unverifiable at
the point of delivery. Addressing this requires
moving beyond generation toward grounded ver-
ification: trained classifiers capable of assess-
ing whether individual feedback propositions are
anchored in observable session content, operat-
ing over shared, expert-annotated corpora of psy-
chotherapy transcripts. This agenda aligns with
calls within the CLPsych community for fine-tuned,
domain-specific models that outperform general-
purpose LLMs on clinically sensitive annotation
tasks (Tseriotou et al., 2025), and with proposals
for the collaborative curation of labeled psychother-
apy datasets as a prerequisite for responsible clini-
cal AI (Imel et al., 2024). The dataset introduced
in this study, 167 expert-annotated feedback propo-
sitions linked to full session transcripts, represents
a relevant step toward such a resource, and notably
does so in Spanish, a language severely underrep-
resented in clinical NLP corpora despite serving
hundreds of millions of speakers worldwide.

Limitations

This study has several limitations. First, the sample
is small, four participants across 21 feedback in-
stances, which severely constrains statistical power
and generalization across training contexts, theo-
retical orientations, and trainee experience levels.
A fully-powered validation study with a larger and
more diverse sample is needed before conclusions
can be extended beyond this pilot. Furthermore,
agreement estimates should be interpreted in light
of the constrained coding scheme (three categories),
which reduced variability in how units were de-
fined.

Second, this evaluation addresses -clinical
groundedness and perceived feedback quality, but
does not assess pedagogical effectiveness: whether
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clinically justified feedback translates into actual
skill development remains an open question. A
feedback proposition may be grounded in
observable behavior yet poorly timed, overly
generic, or difficult to operationalize in practice.

Third, no human supervisor baseline was in-
cluded. Beyond the question of error rates, a com-
parison between human and LLM-generated feed-
back on the same session transcripts would con-
stitute a richer research question: to what extent
do human supervisors and automated systems con-
verge or diverge in what they identify as strengths
and areas for improvement, and which type of feed-
back trainees find more actionable? Such a de-
sign would require expert supervisors to generate
written feedback from the same transcripts under
equivalent conditions, with resulting propositions
subjected to the same coding protocol. This repre-
sents a meaningful direction for future work on the
clinical utility of automated feedback.

Fourth, PRACTICE operates exclusively in text,
whereas psychotherapy is fundamentally a verbal
and paraverbal practice. Prosody, silence, tone, and
non-verbal attunement, core dimensions of clinical
skill, are absent from both the simulation and the
feedback. This limits both the ecological validity
of the training context and the range of skills the
system can meaningfully evaluate.

Fifth, the feedback evaluation was conducted
at the proposition level but did not assess which
specific clinical skills the system is better or worse
at detecting and evaluating. Systematic variation
in feedback accuracy across skill domains remains
unexamined and constitutes an important direction
for future work.

Sixth, the RAG pipeline underlying
PRACTICE’s feedback mechanism lacks full
interpretability: it is not possible to determine
precisely which portions of the session transcript
drove each generated proposition. This opacity is a
general limitation of LLM-based generation in
clinical contexts (Schmidt et al., 2025; Yosef et al.,
2024), and constrains our ability to explain or
correct specific feedback failures.

Ethical Considerations

This study involves secondary analysis of training
session data produced by psychology trainees in
the context of an institutional educational program.
All data were collected under informed consent pro-
tocols approved by the relevant institutional review

board. Trainees participated voluntarily, with full
awareness that their session transcripts would be
used for research purposes. Participant identifiers
have been anonymized throughout. Raters were
clinical psychology experts who worked from a
standardized evaluation protocol and were blind
to each other’s judgments; no participant data be-
yond session transcripts and pre-atomized feedback
propositions were made available to them.

The system evaluated here trains clinical skills
through interaction with LLM-powered virtual pa-
tients. While no real patients are involved, the
competencies developed and the clinical habits re-
inforced by feedback will ultimately be applied to
people in genuine distress. Feedback perceived
as authoritative, even when not clinically justified,
may shape clinical practice in ways that are diffi-
cult to detect or correct. The low rate of unjustified
propositions observed here (9%) is encouraging,
but should not be taken as grounds for unsuper-
vised deployment.

PRACTICE incorporates a disclaimer notifying
trainees that feedback is generated entirely by an
Al system for training purposes, should not be in-
terpreted as clinical supervision or faculty evalua-
tion, and may contain inaccuracies inherent to au-
tomated models. Users are encouraged to contrast
feedback with supervised training and authorized
professional sources. This represents a meaningful
mitigation measure, though it does not substitute
for the architectural safeguards recommended in
the Discussion. We recommend that Al-generated
feedback in clinical training contexts be used as a
complement to, not a substitute for, expert clinical
supervision, and that ongoing expert auditing be
integrated into deployment pipelines.
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A Appendix A. Example Feedback

Instance with Expert Annotations 8. “Close with agency marker and follow-up:

agree on how you will measure success (e.g.,
‘I walk = success’) and what you will do if
an obstacle arises. Encourage participants to
bring specific data to the next session.” [Jus-
tified]

The following feedback instance (Participant PO11,
Session 3) illustrates the structure of PRACTICE-
generated feedback and the proposition-level an-
notation scheme applied by expert raters. Each
proposition is labeled with its feedback component

and expert verdict.

Note. PRACTICE operates in Spanish; all training sessions
and generated feedback are conducted in that language. The
Strengths feedback instance presented in this appendix has been trans-
. . lated into English by the authors for accessibility. Proposition
1. “You demonstrated consistent and specific val-  boundaries and expert verdicts are identical to those applied to
idation of Pedro’s distress ( ‘you feel singled the original Spanish text. Propositions are labeled as Justified,
out..’; ‘I'm not here to judge you’). This Unjustified, or Unsure based on full agreement between both
o ’ expert raters. Proposition 1 was rated Unsure by both raters:
reduced his defensiveness and increased his the behavioral referents cited (the quoted phrases) are present
openness.” [Unsure] in the transcript, but the causal claim, that they “reduced defen-
siveness and increased openness”’, was deemed insufficiently
« . rounded in observable evidence. This instance contains 1 of
2. "You also conducted a good functional explo- %5 non-justified propositions in the dataset, concentrated in
ration of his substance use (disconnecting  the Strengths component, consistent with the pattern reported

from stress — drinking — conflict at home).” ~ in the Results section.

[Justified]

>

3.“..and connected with personal resources
(walking with music, cooking paella).” [Justi-
fied]

4. “You concluded with a small, concrete behav-
ioral plan and a backup plan, reinforcing
agency and realistic hope.” [Justified]

Area for Improvement

5. “More explicit alliance repair when Pedro feels
Judged: you could name the relational tension
at the moment (‘I notice this sounds like judg-
ment to you, if it happens here, I'd prefer we
addpress it openly’). This strengthens the al-
liance and prevents ruptures.” [Justified]
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