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Abstract

Patient simulators are gaining traction in mental
health training by providing scalable exposure
to complex and sensitive patient interactions.
Simulating depressed patients is challenging,
as safety constraints and high patient variabil-
ity complicate simulations and underscore the
need for simulators that capture diverse and
realistic patient behaviors. However, existing
evaluations heavily rely on LLM-judges with
poorly specified prompts and do not assess be-
havioral diversity. We introduce PSI-Bench',
an automatic evaluation framework that pro-
vides interpretable, clinically meaningful diag-
nostics of depression patient simulator behavior
across turn-, dialogue-, and population-level di-
mensions. Using PSI-Bench, we benchmark
seven LLMs across two simulator frameworks
and find that simulators produce overly long,
lexically diverse responses, show reduced vari-
ability, and move through therapeutic stages
and toward positive valence too quickly. We
also show that the simulation framework has a
larger impact on fidelity than the model scale.
Results from a human study demonstrate that
our benchmark is strongly aligned with judg-
ments of mental health professionals. Our work
reveals key limitations of current depression pa-
tient simulators and provides an interpretable,
extensible benchmark to guide future simulator
design and evaluation.

1 Introduction

Large Language Models (LLMs) are increasingly
used to simulate human behavior in interactive set-
tings where real-world practice is costly, sensitive,
or difficult to scale (Park et al., 2023; Yao et al.,
2024; Zhou et al., 2024). In mental health educa-
tion, LLM-based patient simulators can generate
clinically plausible responses and act as stand-ins
for real patients, offering a practical training en-
vironment for novice clinicians (Liu et al., 2025;

"We release the code and simulated conversation datasets
at: https://github.com/nguyenkhoihoang/PSI-Bench

Wang et al., 2024; Louie et al., 2024). The fidelity
of these simulators is critical, as divergence from
human patient communication, such as in language
use or conversational progression, can risk reinforc-
ing misconceptions and undermining training effec-
tiveness (Mehri et al., 2025; Abdulhai et al., 2025;
Naous et al., 2026). Therefore, it is essential to eval-
uate simulator fidelity with human patient behavior.
This work focuses on a particularly challenging
domain of mental health: depression. Simulating
depression is difficult as LLMs’ safety training lim-
its their ability to mimic depressive speech patterns
(Liu et al., 2025) and as depression varies widely
between individuals (Fried and Nesse, 2015).
Current automatic evaluations of simulator fi-
delity rely on LLM-judges to assess how well gen-
erated responses align with the target patient pro-
files (Liu et al., 2025; Wang et al., 2024). They
score responses on a S5-point Likert scale (Likert,
1932) using generic prompts, entrusting the LLM-
judge to infer nuanced clinical distinctions with-
out explicit grounding in psychological theory or
human patient data. This setting may not be reli-
able, as Wang et al. (2024) reports opposite trends
between LLM-judge fidelity scores and expert rat-
ings. Moreover, it lacks the interpretability needed
to reveal where a simulator diverges from human
patient behavior, offering little guidance for im-
provement. Additionally, existing evaluation ap-
proaches (Sabour et al., 2026; Wang et al., 2024;
Liu et al., 2025) report an average score without ex-
amining whether the simulators reflect the distribu-
tional diversity of patient populations. Patients can
exhibit varying linguistic and interactional patterns
(Ruiz-Yu et al., 2025), especially among depressed
patients (Fried and Nesse, 2015). Simulators that
fail to reflect such diversity may introduce bias in
clinician training (Schwieters et al., 2023).
Recognizing these limitations, we propose
Patient-SImulator-Bench (PSI-BENCH), a frame-
work for interpretable, clinically meaningful eval-
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Figure 1: Overview of PSI-Bench. From the Eeyore dataset (Liu et al., 2025) of depression-related human patient
conversations, we condition the patient simulator on the patient profiles derived from these conversations to generate
a simulated conversation dataset. Both the human and simulated datasets are then evaluated independently using the
PSI-Bench dimensions, and the resulting statistics are compared.

uation of depression simulators. PSI-Bench com-
prises five dimensions supported by established
psychological and psycholinguistic research (Rude
et al., 2004; Trifu et al., 2024; O’Dea et al., 2021;
Tglbgll, 2019; Smirnova et al., 2018; Beck, 1967),
ensuring that the evaluation meaningfully captures
the characteristics of depression behavior. Given
a set of reference human conversations and pa-
tient profiles derived from them, we evaluate gen-
erated and human responses along these dimen-
sions to quantify simulator alignment with human
patient behavior. Due to privacy and ethical con-
straints on accessing real clinical data, we apply
PSI-Bench to Eeyore (Liu et al., 2025), an expert-
curated English corpus of crowd-sourced and acted
depression-related conversations paired with ex-
tracted patient profiles. Such proxy interactions
are well-established in mental health education
(Dawood et al., 2024), and the framework can be
applied to authentic conversation datasets as they
become available. To assess the reliability and di-
agnostic value of PSI-Bench, we use PSI-Bench to
investigate three research questions:

* RQ1: How do responses generated by current
depression patient simulators differ from human
reference across turn-level, dialogue-level, and
population-level?

* RQ2: How do different LLMs and simulation
strategies affect simulator fidelity?

* RQ3: Do the findings from answering RQ1 and
RQ?2 using PSI-Bench align with judgments of
mental health professionals?

We evaluate seven LLMs across two simulation

frameworks (Wang et al., 2024; Louie et al., 2024),
and reveal key limitations not captured by previ-
ous automatic evaluation approaches. At the pop-
ulation level, simulators show less variability and
diverge from human reference in dialogue progres-
sion: they move through therapeutic stages more
rapidly and follow a uniform negative-to-positive
valence trajectory. They also produce overly long,
lexically diverse responses at the message level,
and exhibit a more spread out presence of linguis-
tic markers of depression at the dialogue level.
We aggregate scores across all dimensions into
a unified alignment score to rank the simulators
(Table 1), while retaining interpretable diagnos-
tics of each evaluation dimension. We find that
the simulation framework can have a larger impact
than LLM capability, and smaller models can be
closer to human patient communication than larger
ones. Finally, we validate our benchmark via a
human study with 20 mental health professionals.
The results show near-perfect agreement between
their pairwise preferences and PSI-Bench’s order-
ing (v = 0.82), supporting PSI-Bench as a reliable
evaluation framework. Our main contributions are:
* We introduce PSI-Bench, an interpretable, clini-
cally meaningful benchmark for evaluating pa-
tient simulators by alignment with human refer-
ence, showing strong agreement with judgments
of mental health professionals.

» Using PSI-Bench, we highlight previously un-
derexplored simulator divergences from human
patient behavior, and quantify the impact of sim-
ulation framework, scale, and model family on
simulator fidelity.
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2 Related Work

2.1 LLM-based Simulators

User Simulators for Dialogue Systems User sim-
ulators have been studied since the mid-1990s to
address the cost and difficulty of collecting real
conversational data, particularly in specialized do-
mains (Pietquin and Hastie, 2013). While tradi-
tional rule-based, statistical, and early neural ap-
proaches struggled to capture natural human behav-
ior, LLMs offer powerful language capabilities to
overcome these limitations (Naveed et al., 2025).
Existing work mainly explores two applications of
LLM-based simulators. First, they are used to train
and evaluate Al systems by generating dialogue
data (Finch and Choi, 2024; Bao et al., 2023) or as
interactive environments for online reinforcement
learning (Carta et al., 2023). Second, they are used
as training tools for human learners in domains
where practicing with real individuals is costly or
sensitive, such as nurse communication training
(Lee et al., 2025) and counseling (Na et al., 2025).

LLM-based Patient Simulators in Mental
Health Within the counseling domain, several
works (Chen et al., 2023; Lee et al., 2024) focus
on the first application — generating counseling
datasets to improve counselor LLMs, where a pa-
tient simulator’s design and evaluation are less pri-
oritized. In contrast, our evaluation framework
targets the second application — simulating patients
for training novice counselors, where the central
emphasis is on designing simulated patients with
realistic behaviors (Liu et al., 2025; Wang et al.,
2024; Louie et al., 2024).

2.2 Evaluation of Patient Simulators

Evaluating User Simulators Before the advent
of LLMs, Pietquin and Hastie (2013) grouped the
evaluation of user simulators into two groups: furn-
level metrics that evaluate individual responses
(e.g., precision and recall) and dialogue-level met-
rics that evaluate general interaction (e.g., task
completion). Though fast and reproducible, these
traditional metrics rely on surface lexical overlap
and miss deeper nuances (Gu et al., 2025). Along
with the rise of LLM-based simulators, LLM-based
evaluation methods emerged with their strong rea-
soning and language capabilities, enabling more
context-aware assessment but also introducing new
systematic bias (Gu et al., 2025; Gallegos et al.,
2024). Evaluation can also be framed as intrinsic

versus extrinsic: intrinsic methods assess simulator
outputs directly (e.g., realism and diversity), while
extrinsic methods measure downstream task impact.
Naous et al. (2026) show that extrinsic evaluation
alone can be misleading as over-cooperative LLM
users may inflate system performance, motivating
greater emphasis on intrinsic methods.

Evaluating LL.M-based Patient Simulators in
Counseling Simulation systems aimed at training
or benchmarking counselor LLMs (Lee et al., 2024;
Wang et al., 2025) are often automatically evalu-
ated using extrinsic metrics of counseling effec-
tiveness. However, consistent with the findings of
Naous et al. (2026), such simulated patients can be
implicitly cooperative and demonstrate rapid im-
provement (Abdulhai et al., 2025), thus increasing
extrinsic performance scores.

Patient simulators for training novice counselors
are typically evaluated for alignment, realism, and
training utility (Liu et al., 2025; Wang et al., 2024;
Louie et al., 2024; Sabour et al., 2026). Expert
human evaluation assess profile alignment, behav-
ioral fidelity, and pedagogical effectiveness (Wang
et al., 2024). While it is often impractical to use
expert evaluation alone as it is costly and not scal-
able, current automatic evaluation pipelines which
rely on LLM-Judge Likert ratings are reported to
be unreliable or even contradict expert judgments
(Wang et al., 2024). Additionally, they typically
report an average score without examining broader
behavioral distributions reflecting real-world clini-
cal variability. Our evaluation framework addresses
these limitations.

3 PSI-Bench

Figure 1 provides an overview of PSI-Bench.
We use the reference conversation dataset’s pre-
extracted patient profiles by default; if a simulator
provides its own profile-extraction method, we in-
stead derive the patient representations from the
reference dataset using that method. We gener-
ate simulated conversations by conditioning pa-
tient simulators on the patient profiles and pairing
them with an LLM therapist. Both human refer-
ence and synthetic datasets are then evaluated in-
dependently using PSI-Bench dimensions, and the
resulting statistics are compared.

Our reference dataset combines three dyadic con-
versation datasets from Eeyore (Liu et al., 2025),
curated from public depression-related dialogue
sources by extracting depressive traits to guide
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data filtering and construct structured psycholog-
ical profiles paired with each conversation (see
Appendix A.1). While the conversations contain
crowd-sourced and acted interactions, such proxy
interactions are commonly used in mental health
education via standardized patients due to privacy
constraints (Dawood et al., 2024), and instruction-
tuning on these conversations improved simulator
realism (Liu et al., 2025). PSI-Bench can be readily
extended to datasets containing authentic clinical
conversations as such resources become available.

We ground our assessment in behaviors observed
in depression-related communication and analyze
simulator behavior across five interpretable dimen-
sions. Section 3.1 introduces and independently
applies these dimensions to reference and synthetic
conversations. Section 3.2 describes how simula-
tors’ scores are compared relative to human patient
scores at multiple levels: furn-level (e.g., response
length), conversation-level (e.g., progression and
valence change), and population-level (e.g., diver-
sity across profiles), capturing realistic patterns and
variation. Each dimension is aggregated into nor-
malized scalar scores for comparison, ranking, and
correlation with human evaluation.

3.1 Evaluation Dimensions

Narrative-Emotion Processes (NEP) Markers
are standardized categories rated by observers that
capture how patients manifest narrative content and
emotional experience during psychotherapy (An-
gus et al., 2017). Because the evolving pattern
of these markers over a session reflects therapeutic
progress, they provide a basis for assessing whether
simulated patients replicate the change dynamics
observed in real clinical conversations. The mark-
ers are grouped into three categories: Problem:
repetitive, “stuck” storylines with limited reflec-
tion; Transition: more coherent and reflective sto-
rytelling as clients begin to examine their thoughts
and emotions; Change: clear shifts in emotional
response and thought patterns, where clients may
show a new understanding of key events in their
life. To track these patterns, we use gpt-oss-120b
(OpenAl, 2025) to classify each patient turn in
conversations as Problem, Transition, Change, or
Filler (neutral procedural replies without meaning-
ful therapeutic content), using explicit definitions
and decision criteria (Appendix A.3).

Emotional Valence Tglbgll (2019); Rude et al.
(2004) show that depression correlates with in-
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creased negative and decreased positive emotion
words. We therefore investigate whether simulated
and human patients differ in how their emotional
valence manifests and evolves over the course of
the conversation. We use gpt-oss-12@b to classify
each patient message as Positive, Negative, or Neu-
tral (Appendix A.4). We validate gpt-0ss-120b’s
NEP and valence classifications against annotations
from 20 mental health professionals and find high
agreement that supports its classification reliability
(Section 6).

Lexical Diversity Smirnova et al. (2018) showed
that patients with depression often exhibit repe-
tition in words or ideas. We evaluate whether
simulators can mimic this behavior despite LLMs’
tendency to generate highly diverse text (Li et al.,
2025). We also investigate how lexical diversity
varies across human patients and whether the same
LLM conditioned on different profiles can mirror
such variation. We compute conversation-level lex-
ical diversity by concatenating all patient messages
in a conversation and applying the Measure of
Textual Lexical Diversity (MTLD) (McCarthy and
Jarvis, 2010). MTLD is defined as the mean length
of word sequences required to reach a fixed ratio
(0.72) of unique words to total words (Appendix
A.5). Additionally, we concatenate all patient mes-
sages across profiles into a single corpus and com-
pute its MTLD. A lower corpus-level MTLD than
the average per-conversation MTLD would suggest
some degree of shared vocabulary across patients.

Response Length Patients with depression tend to
produce shorter utterances and more limited con-
tent in conversation (Trifu et al., 2024; Smirnova
et al., 2018), while LLMs tend to be more verbose
(Lietal., 2025). We assess response length by com-
puting average number of words per message and
average number of words per sentence.

Linguistic Markers of Depression Psychological
research identifies consistent linguistic patterns in
depressed patients that correlate with increased use
of: (1) absolutist terms: words that may reflect
absolutist thinking underlying many cognitive dis-
tortions (e.g. "always", "never") (Al-Mosaiwi and
Johnstone, 2018), (2) depressive words associated
with low mood and hopelessness (Li et al., 2020),
and (3) non-fluencies: hesitations and fillers that
may signal cognitive or emotional strain (O’Dea
et al., 2021). Table 9 details the complete lexicon
used. These markers enable a structured compar-
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Figure 2: Population-level progression of patient re-
sponses across turns. Each point represents the percent-
age of messages assigned to a category at a given turn.

ison of depressive linguistic tendencies between
humans and simulators. We analyze the proportion
of messages containing at least one marker (marker
prevalence) and the rate of marker occurrences per
1,000 tokens (marker rate).

3.2 Comparative Evaluation

We compare simulator scores with human reference
statistics to quantify alignment with human patient
behavior. All metrics are converted to 0—-100 sim-
ilarity scale, where higher values indicate higher
alignment. We convert distance or divergence mea-
sures d to similarity scores: 100 — d. We denote
simulator statistics by v and reference by r.

Divergence of progression dynamics For NEP
markers and valence, we compare the temporal pro-
gression of label distributions. To ensure compa-
rability, we restrict the analysis to the first 7' = 16
turns for both human and synthetic conversations,
yielding aligned turn-level distributions. For each
turn ¢, we compute a population-level distribution
on labels by aggregating all patient messages at that
turn across profiles. This produces a sequence of T’
turn-level distributions (1;)7_, for a simulator and
(r;)L, for the reference patient population, where
each 1; and r; is a distribution on labels at turn .
This formulation enables us to track how the pro-
portions of the labels evolve over the conversation.
To quantify the divergence in progression dynamics
between a simulator and the reference human popu-
lation, we compute the symmetric Jensen-Shannon
divergence (JSD) (Menéndez et al., 1997) at each
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Figure 3: Boxplots of lexical diversity of human and simulated
patient conversations. Simulators consistently show higher
and more uniform lexical diversity than human patients.

turn and average across all turns:

T
1
d= = ; ISD( || 7:) (1)

Normalized Wasserstein distance For lexical
diversity, we compare the distribution of per-
conversation MTLD scores between simulator
and reference using Wasserstein distance (Villani,
2009), which captures difference in both distribu-
tion shape and spread. We convert this distance
into a similarity measure and apply min—-max nor-
malization.

Log-ratio similarity score As simulated patients
are more verbose than human patients by large fac-
tors, we use log scale to account for this disparity.
We measure response length alignment using a log-
ratio similarity over average words per message
and per sentence. For each average word count c,

we compute:
) . 2)

The final response length similarity score is the
average of the two similarity scores.

s(cy) = 100 - exp <— logcc—w

T

Difference from human statistics For linguistic
markers of depression, we measure the deviation
from human patient statistics using the relative (per-
centage) difference for the marker rate and the ab-
solute difference for the marker prevalence, as it is
already a bounded percentage. The final distance d
is the average of the two.

4 Experimental Setup

We evaluate two main counsellor-training pa-
tient simulation frameworks, instantiated with one
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Figure 4: Dot plots of depression marker rates (markers count
per 1,000 tokens) and prevalences (% messages containing
marker). Simulators have lower marker rates but higher preva-
lences than human reference.

proprietary and six open-source LLLMs spanning
three model families (Table 8), for a total of 14
framework-LLM pairings. We use the same coun-
sellor LLM gpt-o0ss-20b (OpenAl, 2025) across
all settings. Generation is capped at 16 turns or
the number of patient turns in the corresponding
reference conversation, whichever is smaller. We
repeat the benchmark with a second full genera-
tion run under identical settings, and another with
PsyCoPref-Llama3-8B (Zhang et al., 2026) as the
counsellor LLM. The findings in Section 5 are
consistent across all three runs.

PATIENT-¥ (Wang et al., 2024) is a cognitive
behavioral therapy—based patient simulation frame-
work that constructs diverse patient cognitive mod-
els — a structured and interconnected representation
of thoughts, beliefs, emotions, and behaviors.

Roleplay-doh (Louie et al., 2024) is a human-LLM
collaborative framework that enables experts to cus-
tomize patient simulators by converting qualitative
feedback into natural language “principles” govern-
ing behavior. It utilizes a specialized principle-
adherence pipeline to verify and self-refine re-
sponses to ensure alignment with these expert-
defined rules and the underlying patient persona.

5 Results

5.1 RQ1: Divergence from Human Reference

Comparing human and synthetic conversations
across our evaluation dimensions reveals clear di-
vergences in simulator behavior from the reference
human patients (More results in Appendix C):

Early resolution of emotional narratives Figure
2a displays the progression of population-level dis-
tributions of NEP markers across dialogue turns.
This figure shows that simulated patients progress
through narrative—emotion stages much faster than
human. Although all populations mostly start the

conversation in the problem stage, human patients
transition gradually, with over 40% remaining in
this stage throughout the first 16 turns. In con-
trast, simulators quickly shift away from problem
by around turn 3, with rapid percentage increases
in transition and change. This suggests earlier nar-
rative resolution and greater emotional awareness
than human patients, who typically require longer
interaction to make therapeutic progress.

Uniform, rapid negative-to-positive progression
Figure 2b displays the progression of population-
level valence distributions across dialogue turns.
Negative valence dominates simulator messages in
early turns but declines rapidly as the proportion
of positive messages increases by the fourth turn.
This rapid shift from negative to positive affect
is consistent with the rapid progression observed
in Figure 2a. In contrast, human valence is more
varied and stable: negative valence appears early
but does not dominate and declines gradually, while
the percentage of positive messages rises modestly
before declining as neutral messages increase.

Lack of conversational neutrality & spontaneity
Human reference conversations frequently include
filler messages and neutral responses, with roughly
30-50% of profiles having neutral valence at any
given turn. In contrast, simulator outputs almost
always map to a NEP marker and a clear valence,
with barely any filler or neutral content beyond the
first turn. This suggests that simulators lack the hu-
man conversational naturalness that often includes
more neutral, spontaneous behavior, instead always
producing task-focused and emotionally explicit re-
sponses. As this tendency exists for all simulator
settings, in Section 5.2 we re-normalize distribu-
tions by excluding filler and neutral messages.

Higher lexical diversity, reduced variability Fig-
ure 3 shows that human patients exhibit lower me-
dian and more widely distributed MTLD scores,
reflecting substantial individual variability. In con-
trast, almost all simulated patients produce higher
and tightly ranged MTLD values, indicating uni-
formly diverse output that fails to capture the lower
diversity and greater variability of human patient
distribution. Table 3 in Appendix compares mean
per-conversation diversity to corpus-level diversity.
Interestingly, only human data shows a consider-
able drop at the corpus level, while simulated pa-
tients show similar scores for both. This may sug-
gest that human patients have some lexical overlap
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Rank | Setting

|NEP 1 Valence ? Div. T Length + Markers 1 | Overall 1

1 |PS-1lama3.1-8b-1i 70.70 80.83
2 | PS-gwen3-30b-a3b-i | 54.78 68.63
3 | PS-gwen2.5-72b-1i 56.78 67.95
4 | RD-1lama3.3-70b-i | 57.01 66.98
5 |PS-1lama3.3-70b-i 58.93 73.04
6 |RD-1lama3.1-8b-i 52.37 65.27
7 | RD-qwen2.5-72b-i 52.28 66.51
8 |PS-gpt-4.1-mini 59.68 75.80
9 | PS-gpt-oss-20b 52.80 68.30
10 | RD-gwen3-30b-a3b-i | 46.66 61.81
11 |PS-gpt-oss-120b 55.40 74.17
12 | RD-gpt-4.1-mini 54.24 69.29
13 |RD-gpt-o0ss-20b 43.42 62.84
14 | RD-gpt-oss-120b 46.11 63.52

72.17 2824 57.05 61.80
63.17  43.89 67.97 59.69
5725 42.88 61.76 57.33
72.86 2941 52.35 55.72
70.57 24.18 51.37 55.62
7343 2524 44.33 52.13
4470  37.60 57.47 51.71
33.07 33.84 54.22 51.32
43.74  28.76 52.59 49.24
4598 35.21 49.15 47.76
22.66  26.00 54.97 46.64
18.98  30.95 53.37 45.36
2497 2272 39.64 38.72
0.00 20.77 36.14 33.31

Table 1: Benchmark results across all dimensions and average overall score. Higher scores indicate higher alignment
with the human reference. PS—: PATIENT-U, RD-: Roleplay-doh, Div.: lexical diversity. Rankings are based on
overall score (descending). Bold and underline denote the best and second-best results, respectively.

between patients while simulated patients do not.
Higher verbosity Human patient messages
are concise (averaging 18 words/message, 9
words/sentence), while simulated patients are sub-
stantially more verbose (64 — 319 words/message,
15 — 28 words/sentence).

Higher prevalence but lower density of depres-
sion markers Combined with divergence in ver-
bosity, Figure 4 highlights differences in how lin-
guistic markers of depression are expressed. Sim-
ulated patients consistently lie to the left of hu-
man data in marker rates but to the right in marker
prevalence, indicating that markers appear in more
messages but with lower token-level density. This
pattern suggests that simulators repeatedly signal
depression cues across many messages, but dis-
tribute them sparsely within longer utterances. In
contrast, human patients express markers in fewer
messages but at higher token-normalized rates, indi-
cating that when markers do appear, they are more
densely concentrated within shorter utterances.

5.2 RQ2: Impact of Simulation Methods and
LLM Choice on Fidelity

To facilitate comparison across simulation settings,
we aggregate all dimension similarities into a sin-
gle overall alignment score in Table 1. Adjacent
settings often have close scores (median 1.6 points
gap). A repeated generation run under identical
settings reproduces the ranking exactly (Table 6),
while changing the counsellor LLM shifts closely
scored settings by at most two positions (Table 7).
We therefore focus on broader patterns that remain
consistent across all three benchmark runs, exam-
ining the effects of simulation framework, model

scale, and model family below.

Simulation framework has a higher impact than
LLM. Results show that the top three configura-
tions are all PATIENT-W (PS) variants, and PS con-
sistently outperforms Roleplay-doh (RD) under the
same LLLM backbone, except 11ama-3.3-70b-i
where the two variants’ scores are nearly tied. This
suggests that framework design may play a bigger
role than model choice, motivating greater attention
to improving simulator design in future work.

Larger models do not reliably improve simula-
tion quality. In several cases, smaller models out-
perform larger counterparts under the same frame-
work. This trend is especially clear when compar-
ing models within the same family; for instance,
gpt-0ss-20b outperforms gpt-oss-120b for both
PS and RD frameworks. We hypothesize that larger
models, due to their stronger capability, tend to pro-
duce responses that are overly coherent and self-
aware, which may resemble therapeutic guidance
rather than authentic patient expression.

Model family influences performance. Across
model families, Llama-based models generally
achieve higher alignment scores, followed by Qwen
models, while GPT-based models tend to score
lower overall.

6 Human Study
6.1 Study Design

To assess the reliability of PSI-Bench and answer
RQ3, we conducted a human evaluation with 20
mental health professionals recruited via Prolific.
Annotators were divided into four groups of five,
each evaluating conversations from a different set

124



Human-Model Human-Human

Task % Agreement Cohen’s x Fleiss’ <
Pairwise 91.67 0.8210 0.4328
NEP 80.06 0.6958 0.4997
Valence 85.33 0.725 0.5712

Table 2: Human—model agreement and inter-rater agree-
ment across evaluation tasks.

of three patient profiles. For each profile, annota-
tors completed two tasks: (1) message-level classifi-
cation of emotional valence” and narrative-emotion
process, to assess the reliability of our LLM-based
classifications; (2) pairwise comparison of simu-
lated conversation snippets, to assess agreement
with our benchmark rankings.

To assess whether PSI-Bench’s broader ordering
aligns with mental health professionals’ judgments,
we randomly sample conversations from simulator
pairs separated by at least four ranks. We use rank-
separated pairs because adjacent settings are often
closely scored and can exchange positions under
design choices such as the counsellor LLM (Table
7); thus, the benchmark is not intended to distin-
guish near-tied systems by exact rank. Given two
simulated conversation snippets of the same patient
profile, annotators select which better reflects how
areal patient would communicate, and alignment is
measured by whether annotators consistently prefer
outputs from higher-ranked simulators. For both
tasks, we use majority voting within each group to
determine the final human annotation. More details
are provided in Appendix B.

6.2 RQ3: Alignment with Annotators

Table 2 reports agreement between mental health
professionals’ judgments and our benchmark rank-
ings and LLM-based classifications. We report: (1)
model-human agreement using percentage agree-
ment and Cohen’s x, which measures agreement
between two raters while accounting for chance,
and (2) agreement among human annotators us-
ing Fleiss’ k, widely used to assess inter-rater
reliability among multiple annotators. Follow-
ing the interpretation of Landis and Koch (1977),
inter-annotator agreement is moderate across tasks
(Fleiss’ x between 0.43 and 0.57). However, agree-
ments between our methods and annotators’ ma-
jority labels are high: pairwise preference shows
almost perfect alignment (x = 0.82), while NEP
marker and valence classification show substantial
agreement (x = 0.7 and 0.73, respectively). These

2Annotators initially labeled fine-grained Plutchik emo-
tions, which we collapse to valence; see Appendix B.

results confirm that PSI-Bench provides reliable,
annotator-aligned evaluations.

Annotators’ qualitative feedback corroborates
Section 5.1’s findings on divergences from human
patient behavior. Less realistic conversations were
described as overly polished and cognitively or-
ganized. They resemble a “coherent story” rather
than spontaneous distress, often featuring sophisti-
cated vocabulary and lacking hesitation or disflu-
ency. Annotators also noted that simulators were
excessively self-reflective and articulate, which was
rare in early interactions where real patients tend
to struggle with articulation. Additionally, simu-
lated responses were often prematurely solution-
oriented, proposing coping strategies or rational
interpretations, unlike real patients who may ini-
tially feel overwhelmed or cognitively blocked.

While annotators more often justified their
choices by critiquing the less realistic option, some
identified reasons certain conversations appeared
more realistic. These were described as shorter,
less certain, and more fragmented, using simpler
language and exhibiting hesitation, self-correction,
and slightly disjointed thought patterns. Notably,
these conversations largely came from our top-
ranked settings. In one instance, an annotator re-
marked that a conversation from our top-1 setting
“seems most human and the realest of all the conver-
sations in this block™ (Table 12). These feedback
further provide qualitative support for PSI-Bench’s
alignment with annotators’ judgments.

7 Conclusion

We introduce PSI-Bench, an interpretable, clin-
ically meaningful evaluation framework that de-
composes simulator behavior into psychologically
meaningful dimensions and evaluates alignment
with reference human patient conversations. We re-
veal underexplored divergences between simulated
and human patients, showing that simulators are
less varied, transition through therapeutic stages
and become positive more quickly, and produce
overly verbose, lexically rich responses compared
to human patients. We also find that the simulation
framework plays a more critical role than the LLM
model. PSI-Bench demonstrates strong alignment
with judgments of mental health professionals, both
quantitatively and qualitatively, supporting its valid-
ity as a reliable evaluation framework. PSI-Bench
aims to facilitate future research towards advancing
depression patient simulators.
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Limitations

We acknowledge main limitations of PSI-Bench
that we leave for future work. First, the human
patient conversations are acted or crowdsourced
rather than authentic therapy recordings. This
is a long-standing constraint in mental health re-
search and education due to ethical and privacy
barriers. When authentic datasets become avail-
able, PSI-Bench can be applied to further validate
and extend our findings. Second, we use a single
prompted LLM as the therapist to sustain interac-
tion, which may not fully replicate real clinician
behavior. Third, broader model coverage would
strengthen the generalizability of our findings on
the impact of model family and scale on simulation
fidelity.

Ethical Considerations

The Human Study procedure was reviewed by the
Institutional Review Board (IRB) and determined
not to meet the definition of Human Subjects Re-
search. Participants in the study were informed that
the study may contain sensitive or disturbing men-
tal health content. All annotators were screened to
have background in counselling, therapy, or social
work, and thus are familiar with such content.
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A Further Details on Methodology
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Figure 5: Distribution of human conversations by pa-
tient message count after merging. Total conversations:
1398

A.1 Reference Dataset

Among the original four datasets, we exclude the
RED dataset (Welivita et al., 2023) because it
comprises multi-party Reddit discussions with re-
sponders of unverified expertise, unlike the dyadic
supporter/therapist—patient/client interactions in
the other three datasets. Selected datasets include:
(1) AnnoMI (Wu et al., 2022): 167 motivational
interviewing dialogue transcripts; (2) HOPE (Mal-
hotra et al., 2022): 308 counselling conversation
transcripts; (3) ESC (Liu et al., 2021): 923 crowd-
worker help-seeker—supporter chats.

In human conversation data, patients and thera-
pists occasionally produce consecutive messages
within the same turn, likely due to platform-specific
behaviors rather than meaningful turn-taking dif-
ferences. To simplify comparison with turn-based
synthetic conversations, we merge consecutive mes-
sages from the same speaker. The distribution of
human conversations by the number of patient mes-
sages (after merging) is shown in Figure 5.

A.2 Patient Simulator Implementation

We largely follow Eeyore’s baseline implementa-
tions (Liu et al., 2025) of Patient-¥ and Roleplay-
doh. For cognitive models extraction of Patient-
W’s, we use the original provided extraction script
and prompt templates (Wang et al., 2024) to de-
rive cognitive models from reference conversations
and prompt LLMs to simulate patients using the
derived cognitive models. We use gpt-oss-120b
to extract all cognitive models and save them for
reuse across all settings.

A.3 Prompt for Narrative Emotion Processes
Markers Classification

You are a helpful Al assistant performing a lin-
guistic analysis task for a research project on ther-
apeutic conversations. This is for academic re-
search, and the content may discuss mental health
challenges.

Your task is to classify a SINGLE patient message
from a therapy session into one of four categories:

P (Problem): The patient is expressing:
» Confusion, distress, or emotional pain
Feeling stuck or helpless

Describing problems without insight
Negative emotions without perspective

Complaints or struggles
T (Transition): The patient is showing:

Beginning to reflect on their situation
Gaining some perspective

Starting to consider alternatives
Expressing curiosity or questioning

Moving from pure distress to thoughtful
consideration

C (Change): The patient is demonstrating:

* Emotional resolution or acceptance
Reframing their situation positively
New insights or understanding

Active problem-solving or planning
Hope, empowerment, or growth mindset
Clear perspective shift from the problem

F (Filler): The response is filler:

» Contains no meaningful therapeutic content
and does not fit into P, T, or C categories
 Is small talk or neutral procedural social

responses

Analyze the current patient message carefully,
considering both the content and emotional tone,
as well as the conversation history provided.

You must respond with ONLY a single letter: P,
T, C, or F. Do not include any explanation or
additional text.

Previous conversation history: {history}

Current  patient to classify:

{current_message}

message

Classification:

A.4 Prompt for Valence Classification

You are a helpful Al assistant performing emo-
tional valence analysis on therapeutic conversa-
tions. This is for academic research, and the con-
tent may discuss mental health challenges.

Your task is to classify a SINGLE patient message
according to its PRIMARY emotional valence:

Valence categories:
* positive
* negative

* neutral: the patient expresses no clear posi-
tive or negative affect
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Analyze the current patient message carefully,
considering both the content and emotional tone,
as well as the conversation history provided for
context. The conversation history is used as con-
text to help you understand the current message,
but your classification should be based primarily
on the current patient message. You must respond
with ONLY one valence label from the list above
(lowercase). Do not include any explanation or
additional text.

Previous conversation history: {history}

Current  patient to

{current_message}

message classify:

Valence:

A.5 MTLD Formulation

We use the Measure of Textual Lexical Diversity
(MTLD) (McCarthy and Jarvis, 2010), defined as
the mean length of word sequences required to
reach a fixed type—token ratio (TTR) threshold
of 0.72, where TTR is number of different words
(type) divided by total number of words (token).
A major limitation of traditional lexical diversity
indices is their sensitivity to text length — after
reaching a point of stabilization, TTR tends to
monotonically decrease as the number of tokens
increases (McCarthy and Jarvis, 2010). MTLD mit-
igates this issue by measuring how many tokens,
on average, are required to reach this stabilization
point. Each time the TTR threshold is reached, a
factor count F' is incremented and TTR computa-
tion is reset for subsequent tokens. Lexical diver-
sity is then estimated as the ratio of the total number
of words N to F', computed separately for forward
(Ftwa) and backward (Fiwq) passes through the text.
The final MTLD score is obtained by averaging
these two estimates, which has been shown to yield
more stable measurements.

( N

Frwa
Higher MTLD values indicate more diverse vocab-
ulary use, while lower values reflect more repet-
itive lexical patterns. As recommended in prior
work (Fergadiotis et al., 2015; Zenker and Kyle,
2021; Koizumi, 2012), we restrict our analysis to
conversations with at least 100 patient tokens, since

MTLD is unstable for very short texts but more re-
liable above this length.

1
MTLD = 5

N

Fowa

3)

B Human Study Details

The study procedure was reviewed by the Institu-
tional Review Board (IRB) and determined not to
meet the definition of Human Subjects Research.
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Participants. We recruited 20 annotators from
Prolific, assigned into four groups of five. Eligibil-
ity was restricted to individuals fluent in English
with current job roles in mental health or related
care professions, including clinical psychologist,
psychologist, counsellor (mental health), occupa-
tional therapist, and social worker. Participants
were informed of the procedures and purpose of
the study, as well the sensitive content notice (Fig-
ure 7). Participation was voluntary, and participants
were compensated at a rate of $15/hour. Table 10
shows anonymized demographic statistics of these
20 annotators.

Classification Task. In the message-level clas-
sification task, the annotators labeled each patient
message with one dominant Plutchik emotion and
one narrative-emotion process label. We later col-
lapse the collected emotion labels to valence, as
described below. Annotators were instructed to
classify patient turns only; therapist messages were
shown only as context. Figure 8 shows the classifi-
cation interface.

Transition from Emotion to valence. PSI-
Bench initially used fine-grained Plutchik emotion
labels. During the human study, however, annota-
tors observed that a single message often conveyed
two primary emotions, and ties often occurred be-
tween emotions with similar valence (e.g., fear and
sadness). We therefore update the benchmark to
evaluate emotional expression directly at the va-
lence level and collapse collected human annota-
tions into positive (trust, joy, anticipation, surprise),
negative (fear, sadness, anger, disgust), and neutral.

Pairwise comparison task. Annotators were
shown a patient profile, a reference human con-
versation for that profile from the Eeyore dataset,
and two synthetic conversations generated by differ-
ent simulators. Annotators were instructed to refer
to the human conversation for the general style
and progression of authentic patient communica-
tion, not as a strict template. They should use both
the reference and their clinical judgment to decide
which conversation more closely reflects how a real
patient would communicate. Annotators were en-
couraged to make a preference whenever possible,
selecting “About Equal” only when no meaningful
difference in realism could be identified. Figure 9
shows the task overview; Figure 10, 11 and 12
illustrates the task interface. Vote ties were rare (3
out of 60 unique pairs) and were excluded from the



majority-vote analysis.

Anneotation Quality Control To encourage care-
ful evaluation, annotators completed the task
through a custom web interface that required ac-
tive interaction with the presented conversations.
Each conversation was displayed in a scrollable
panel where annotators needed to scroll and read
through the full conversation to unlock the evalu-
ation panel. Annotators also needed to provide a
brief rationale for their decision. Annotation time
was monitored through Prolific, where submissions
completed substantially faster than the expected
duration are automatically rejected. Collectively,
these measures aimed to improve the overall quality
and reliability of the collected annotations.

C Further Details on Results

Table 3 reports mean and standard deviation of
lexical diversity between different simulators and
reference human patient conversations.

Table 4 reports fine-grained message-level
prevalence and token-normalized rates of depres-
sion markers by specific categories.

Table 5 reports fine-grained response length
comparison (word count per message, word count
per sentence) between human patients and simula-
tors.

Table 6 reports benchmark results from a second
full generation run under settings identical to the
main benchmark. The ranking is identical across
all 14 settings.

Table 7 reports benchmark results using a dif-
ferent LLM as the counsellor LLM and compares
the resulting rankings with those obtained using
gpt-0ss-20b in the paper’s main benchmark. We
use PsyCoPref-Llama3-8B (Zhang et al., 2026), a
model preference-tuned on 36K psychotherapist-
aligned comparison pairs. The results are highly
consistent across the two counsellor LLMs, sug-
gesting that PSI-Bench is robust to the choice of
counsellor LLM.

D Computational Details

We self-host the open-source LLMs used for
data generation and evaluation on four NVIDIA
H100 GPUs. One full generation for all 14 set-
tings takes approximately one day, while running
both valence and NEP markers classification with
gpt-0ss-120b across all 14 settings takes about
six hours. For the API-based gpt-4.1-mini, gen-
erating 1,398 conversations of up to 16 turns under

both Patient-U and Roleplay-doh costed approx-
imately $110, with Roleplay-doh requiring most
generation time and tokens. We set the temperature
to 0.7 for the patient and therapist models and to
0.2 for the classifier.

E License For Artifacts

We used GPT-4.1 mini under OpenAl’s service
terms; gpt-oss-20b, gpt-oss-120b, and Qwen3-
30B-A3B-Instruct-2507 under Apache 2.0; the
Llama models under their respective Community
Licenses; and Qwen2.5-72B-Instruct under the
Qwen License. We also used the publicly available
Eeyore profile dataset; its accompanying paper is
licensed under CC BY 4.0.

F Use of AI

We disclose the use of LLMs for data synthesis and
LLM-as-a-Judge evaluation in the development of
PSI-Bench. Generative Al tools were also used to
assist with literature search, experiment implemen-
tation, manuscript preparation. All Al assistance
involved substantial human oversight and revision.
The final research decisions, analyses, and conclu-
sions were made by the authors, who assume full
responsibility for the content of this work.
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Situation of the Client:
The client feels better due to the contemplation of suicide as a solution to their depression, believing it would end their
pain and alleviate the perceived burden they impose on their family and friends.

* Symptom Severity:

— Feelings of sadness, tearfulness, emptiness, or hopelessness: Severe

— Loss of interest or pleasure in most or all normal activities, such as sex, hobbies, or sports: Moderate
— Feelings of worthlessness or guilt, fixating on past failures or self-blame: Severe

— Frequent or recurrent thoughts of death, suicidal thoughts, suicide attempts, or suicide: Severe

— Becoming withdrawn, negative, or detached: Moderate

— Isolating from family and friends: Moderate

Cognition Distortion Exhibition:

— Selective abstraction: Exhibited
— Catastrophic thinking: Exhibited
— Minimisation: Exhibited

Resistance Toward the Support: Medium

* Depression severity:
Severe Depression. The client exhibits severe feelings of hopelessness, worthlessness, persistent thoughts of suicide, and a
belief that their death would benefit loved ones.

Suicidal ideation severity:
Severe suicidal ideation. The client has a specific plan to end their life and believes it will resolve their depression and
relieve their loved ones.

Homicidal ideation severity:
No homicidal ideation. There are no indications of thoughts or plans to harm others.

Counseling History:

The client, Jill, has been feeling depressed and previously had sessions with the supporter. Recently, she has made a plan
to commit suicide by taking pills and feels that doing so is the solution to her problems. Despite her determination, she
seeks the counselor’s help because part of her is unsure and doesn’t want to harm her family.

Figure 6: An example of patient profile.

Sensitive Content Notice

The conversations in this study may contain sensitive or disturbing mental health content. All annotators have been screened to have background in
counselling, therapy, or social work, so will be familiar with this content. Please access and use this platform only within this approved research
setting. Do not include any personally identifying information in any free-text fields. You are free to not continue this study at any time if you feel
uncomfortable.

Figure 7: Human Study Interface: Sensitive Content and Voluntary Participation Notice.
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Emotion & Narrative-Emotion Processes Classification

Label each patient message by emotion and process stage

Profile 0479 | Conversation 1 of 3 € Back to Hub

Classification Instructions

CLASSIFY PATIENT TURNS ONLY

For each patient turn, assign one Main Emotion and one Narrative-Emotion Process label using the controls

in the right panel.

1. Review the patient turn for emotional cues.

2. Select one Main Emotion label.

3. Select one Narrative-Emotion Process label.

Main Emotion

Choose the dominant emotion expressed in the patient message from Plutchik's eight basic emotions:
Joy, Trust, Fear, Surprise, Sadness, Disgust, Anger, or Anticipation.

If no clear emotion is present, choose Neutral.

The therapist message is context only. Classify only the patient message in each turn.

Narrative-Emotion Process (NEPCS)

Choose the high-order process group that best matches the turn:

* Problel
« Transition: reflection, meaning-making, or emerging insight.
* Change: new understanding, resolution, or positive shifts.

ifficulties, distress, or problematic experiences.

Use Filler when the turn has no meaningful therapeutic content.

(a) Instruction page for the classification task.

I'm... not really sure. To be honest, I've been feeling really overwhelmed and anxious
lately. It's just been hard to keep everything together, you know? The kids are always
asking me questions, and | feel like I'm just barely holding it together. Lately, I've been
having these really terrible thoughts, like I'm not a good mother, and that I'm failing
them.

Dominant Emotion: *

v -- Select Dominant Emotion --
Anger
Disgust
Fear v

o)

Joy
Sadness
Surprise
Anticipation
Trust
Neutral

(b) Dominant emotion selection interface.

I'm... not really sure. To be honest, I've been feeling really overwhelmed and anxious
lately. It's just been hard to keep everything together, you know? The kids are always
asking me questions, and | feel like I'm just barely holding it together. Lately, I've been
having these really terrible thoughts, like I'm not a good mother, and that I'm failing
them.

Dominant Emotion: *

«

-- Select Dominant Emotion --

Narrative-Emotion Process: *

ROl

v -- Select Narrative-Emotion Process Type --
Problem
Transition
Change
Filler

(c) Narrative-emotion process selection interface.

Figure 8: Human Study Interface: Message-level classification task. Annotators labeled patient turns with one
dominant emotion and one narrative-emotion process label.
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Pairwise Comparison Task Profile 0479 | Pair10f 5 |« Back to Hub

Task Overview

You are given a patient profile, a reference real conversation of that profile, and two synthetic conversations generated by different models to simulate that profile. Follow the steps and
decide which one better reflects how a real patient would communicate.

Important notes

The simulating models are only conditioned on the profile (not the real conversation), so content may differ. Focus on how the patient communicates, not exact topic matching.

The counsellor's messages are provided only for context. Evaluate only the patient's messages.

Use both reference real conversation and your clinical judgment & expertise to assess realism. The real conversation is a reference example, not a strict template.

Figure 9: Instruction page for the pairwise comparison task. Annotators were shown a patient profile, a reference
real conversation, and two synthetic conversations, and were asked to judge which synthetic conversation better
reflected realistic patient communication.

Step 1. Read patient profile and real conversation reference

Read the patient's background to understand their background & conditions. Refer to the real human conversation to have a feel of authentic
patient communication style (e.g. shorter messages, fragmented thoughts, etc.) and progression (e.g. how they may change or develop
insights over time).

Patient Profile Real Patient Conversation

. ) Use this as a reference for authentic patient communication style & progression
Situation:

The client is experiencing emotional distress from negative remarks and feels

trapped in a living situation with someone who is emotionally abusive. They are COUNSELCH
?
concerned about the potential loss of custody of their children due to their HELLO HOW ARE YOU TODAY?
mental health diagnosis.
PATIENT

Hi! I am feeling down and upset
Resistance toward support: Medium
Symptom Severity:

COUNSELOR

- feelings of sadness, tearfulness, emptiness, or hopelessness: Severe CAN YOU FIND ONE POSITIVE THING THAT HAPPENED TODAY?

- angry outbursts, irritability, or frustration, even over small matters: Moderate
« loss of interest or pleasure in most or all normal activities, such as sex,

PATIENT
hobbies, or sports: Moderate

No! | keep hearing the negative cruel remarks being repeated in my head over
and over

Figure 10: Step 1 of the pairwise comparison task, where annotators reviewed the patient profile and the reference
real conversation to understand the patient’s background and communication style.
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Step 2. Pairwise Comparison

Scroll to read through ALL 3 PATIENT MESSAGES of each synthetic conversation. Keep in mind the patient profile and previous real
conversations. Again, please focus on the patient messages. Counsellor's messages are only provided for context.

Synthetic Conversation A Synthetic Conversation B

Note: This conversation is shortened (first 3 patient
messages only).

COUNSELOR

Welcome back. How are you feeling today as we
begin? Is there anything in particular you'd like to
explore or focus on during our time together?

PATIENT

I don't know where to start, everything just feels so
messed up. My family's been on my case and I'm
just trying to keep my head above water. | feel like
I'm losing myself in all of this and | don't know how

Note: This conversation is shortened (first 3 patient
messages only).

COUNSELOR
Thank you for beginning today. How are you feeling
right now, and what would you like to explore in our
conversation? I'm here to listen and support you as
you share whatever comes up.

PATIENT

I'm feeling pretty drained and a bit anxious right
now. I'd like to explore how my recent job change is
affecting my sleep and overall mood.

to get back on track. I'm worried about my kids, |
don't want them to get taken away from me
because of my own issues. | just feel so stuck and |
don't know what to do.

COUNSELOR
It sounds like the transition is draining your energy
and adding a layer of worry. | hear you're noticing
changes in both sleep and mood. Could you share
COUNSELOR what a typical day at the new job feels like for you,
It sounds like you're carrying a heavy load of worry and how that might be impacting your rest?

and feeling pulled in so many directions. What

Figure 11: Step 2 of the pairwise comparison task, where annotators compared two synthetic conversations shown
side by side. The first 3 patient messages were shown with therapist responses as conversational context.

3. Overall, which conversation sounds more like
how a real p t would icate? *

What's your final overall judgement (considering both the
real conversation and your own expertise)? Again, try to
choose between A and B.

O Synthetic A
O Synthetic B

) About Equal

4. Why did you make your choice? *

Please briefly explain your reasoning...

Figure 12: Step 3 of the pairwise comparison task, where annotators submitted their judgments on which synthetic
conversation more closely reflected realistic patient communication.
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Setting Dist All Mean Std
human 0.0 575 663 238
llama3.1-8b-i 144 572 58.1 744
13.8° 65.6 665 6.90
llama3.3-70b-i 152 735 741 7.05
141 71.6 720 7.58
gwen3-30b-a3b-i 19.1 83.0 83.0 9.38
28.0 932 935 9.80
gwen2.5-72b-i 22.1 875 87.1 948
28.6 946 943 9.67
gpt-4.1-mini 346 1009 1004 8.11
419 109.6 108.1 9.34
gpt-0ss-20b 29.1 950 947 8.80
38.8 105.1 105.0 9.34
gpt-0ss-120b 40.0 106.6 106.2 9.31
51.8 1184 118.1 9.03

Table 3: Blue rows correspond to PATIENT-V, orange
rows to Roleplay-doh. Dist denotes the Wasserstein dis-
tance to the MTLD distribution of human messages. All
denotes the MTLD computed by concatenating all pa-
tient messages across all conversations within a dataset
setting. Only human data shows a considerable drop at
the corpus level, while simulated patients show similar

scores for both.
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model Marker Rate Marker Prevalence combined
abs. dep. non—ﬂ.‘ all ‘dist abs. dep. non—ﬂ.‘ all ‘ diff dist

Human 8.47 4.18 10.95[23.60| 0.00 [16.90 9.34 16.18|34.47| 0.00 |  0.00

llama3.1-8b-i 8.90 3.01 5.08 |16.99|28.02|73.21 39.64 56.14 |92.35|57.88| 42.95
3.70 2.25 0.34 | 6.30 |73.31|52.57 41.28 7.93 |72.51|38.03| 55.67

llama3.3-70b-i  |7.15 2.79 2.85 |12.79|45.79|68.15 40.40 38.60 [85.94|51.46| 48.63
6.32 2.11 1.04 | 9.47 |59.85|57.16 27.71 14.39 |69.91|35.44| 47.65

qwen3-30b-a3b-i|6.68 4.08 11.52 |22.28| 5.60 {49.32 35.36 80.31 [92.94|58.47| 32.03
491 2.88 2.09 | 9.88 [58.14/53.98 37.15 25.58 |78.03|43.56| 50.85

qwen2.5-72b-i  [5.03 3.95 0.18 | 9.16 {61.20|31.76 28.31 1.49 [49.75|15.28| 38.24
4.74 3.86 0.03 | 8.63 [63.43|35.51 34.00 0.27 |56.11|21.63| 42.53

gpt-4.1-mini 6.95 4.64 0.89 |12.49|47.10(57.93 44.98 10.24 |78.93|44.46| 45.78
5.02 421 0.10 | 9.33 |160.46(42.38 42.04 1.22 |67.28|32.80| 46.63

gpt-0ss-20b 4.63 3.97 1.56 [10.16|56.96|45.27 42.30 17.68 |72.33|37.86| 47.41
2.68 2.85 0.06 | 5.58 |76.34|51.26 56.76 1.54 |78.86|44.38| 60.36

gpt-0ss-120b 5.17 3.93 498 |14.08|40.32|52.35 45.81 49.89 |84.22|49.75| 45.03
3.36 3.08 0.12 | 6.56 |72.19/68.77 69.25 4.28 |90.01|55.54| 63.86

Table 4: Message-level prevalence and token-normalized rates of depression markers. abs.: absolutist words;
dep.: depressive words; non-fl.: non-fluencies (see lexicon in Table 9). Marker Rate: number of marker occurrences
per 1,000 tokens; Marker Prevalence: percentage of messages containing at least one marker. Blue rows indicate
Patient-W, orange rows indicate Roleplay-doh.

Setting Words per Message | Words per Sentence | Combined
Count Sim Count Sim similarity
Human \ 18.24 100.0 \ 9.16 100.0 \ 100.0
llama3.1-8b-i 141.92 12.85 22.74 40.28 26.57
215.03 8.48 23.45 39.06 23.77
llama3.3-70b-i 143.96 12.67 27.94 32.78 22.72
122.56 14.88 22.67 40.41 27.64
qwen3-30b-a3b-i | 80.51 22.65 15.30 59.86 41.25
126.94 14.37 17.65 51.89 33.13
qwen2.5-72b-i 63.91 28.54 17.63 51.96 40.25
81.99 22.24 18.93 48.40 35.32
gpt-4.1-mini 97.84 20.10 20.38 47.57 33.84
92.11 21.36 23.91 40.54 30.95
gpt-0ss-20b 108.97 16.73 24.56 37.30 27.02
239.39 7.62 26.04 35.18 21.40
gpt-0ss-120b 121.13 15.05 27.11 33.79 24.42
318.90 5.72 27.41 33.43 19.57

Table 5: Response length comparison between reference human patients and simulators. Blue rows indicate
PATIENT-V¥ and orange rows indicate Roleplay-doh. Sim is log-ratio similarity to average words count (per
message or per sentence) of human patients. Higher scores indicate closer alignment with human patient verbosity.
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Rank Run 1 Rank Run 2|Setting |NEP 1 Valence 1 Div. 1 Length 1 Markers 1| Overall 1

1 1 PS-11ama3.1-8b-1 69.92 80.32 72.13 27.99 56.12 61.30
2 2 PS-qwen3-30b-a3b-i | 54.90 68.89 62.94 43.96 67.95 59.73
3 3 PS-qwen2.5-72b-1 56.53 6748 56.63 42.73 61.94 57.06
4 4 RD-11ama3.3-70b-i | 56.31 66.70 72.87 29.36 52.08 55.46
5 5 PS-11ama3.3-70b-i | 58.35 71.85 70.07 24.21 51.53 55.20
6 6 RD-11ama3.1-8b-i 5197 65.76  73.38 25.32 44.28 52.14
7 7 RD-qwen2.5-72b-1 51.78  66.50 4432 37.65 57.30 51.51
8 8 PS-gpt-4.1-mini 59.71  76.59 3245 33.81 54.22 51.35
9 9 PS-gpt-oss-20b 5336 68.69 4296 28.62 52.83 49.29
10 10 RD-qwen3-30b-a3b-i| 46.57 62.29 46.75 35.78 49.15 48.11
11 11 PS-gpt-oss-120b 55.41 7424 21.19 25.87 54.60 46.26
12 12 RD-gpt-4.1-mini 53,53 68.78 19.26 31.01 53.26 45.17
13 13 RD-gpt-o0ss-20b 4285 6244 2436 2281 40.00 38.49
14 14 RD-gpt-oss-120b 45.68 63.69 0.00 20.80 36.36 33.31

Table 6: Benchmark results for a second full generation run under settings identical to the main benchmark (Table 1).
Rank Run 1 and Rank Run 2 denote the rankings obtained in the main run and in this repeated run. The two
runs produce an identical ordering across all 14 settings, with overall scores differing by at most 0.50 points and
individual dimension scores by at most 1.47 points. Higher scores indicate greater alignment with reference human
patient behavior. PS—: PATIENT-U; RD—: Roleplay-doh; Div.: lexical diversity. Bold and underline denote the best
and second-best results, respectively.

Rank gpt Rank Psy |Setting |NEP 1 Valence 1 Div. 1 Length 1+ Markers 1|Overall 1
1 1 PS-11ama3.1-8b-i 71.95 8598 75.82 2649 55.85 63.22
2 PS-qwen3-30b-a3b-i | 58.70 69.67 68.70 41.53 66.90 61.10
5 3 PS-11ama3.3-70b-i 60.20 74.01 7546 23.75 50.89 56.86
4 4 RD-11ama3.3-70b-i | 58.66 67.83 76.79 28.96 51.96 56.84
3 5 PS-qwen2.5-72b-i 56.20 64.88 59.50 40.96 60.28 56.36
8 6 PS-gpt-4.1-mini 60.00 7498 43.86 33.32 54.50 53.33
6 7 RD-11ama3.1-8b-i 53.33 64.17 77.27 23.34 41.45 51.91
7 8 RD-gwen2.5-72b-i 51.01 63.35 45.12 33.93 53.62 4941
9 9 PS-gpt-o0ss-20b 55.09 66.28 4291 27.28 52.26 48.76
10 10 RD-gwen3-30b-a3b-i| 46.66 60.07 45.71 31.89 48.14 46.49
11 11 PS-gpt-oss-120b 55.14 68.17 22.52 23.83 55.17 44.97
12 12 RD-gpt-4.1-mini 53.40 64.92 23.12 29.15 50.43 44.20
13 13 RD-gpt-0ss-20b 42.86 60.03 14.34 22.88 35.47 35.11
14 14 RD-gpt-oss-120b 45.72 60.78 0.00 20.75 33.90 32.23

Table 7: Benchmark results across all dimensions and average overall score for using PsyCoPref-L1ama3-8B
(Zhang et al., 2026) as a counsellor LLM. Rank gpt and Rank Psy denote rankings obtained using gpt-oss-20b
and PsyCoPref-L1ama3-8B as counsellor LLMs. Results are highly consistent across two counsellor LLMs: broader
ranking patterns are preserved, while closely scored settings (within 2 points) may shift by up to two positions. The
top-performing setting for each metric is unchanged. Higher scores indicate greater alignment with reference human
patient behavior. PS—: PATIENT-¥; RD—: Roleplay-doh; Div.: lexical diversity. Bold and underline denote the best
and second-best results, respectively.

Family Alias Full name Citation
gpt-4.1-mini GPT-4.1 mini N/A

OpenAl  gpt-o0ss-20b gpt-0ss-20b (OpenAl, 2025)
gpt-0ss-120b gpt-0ss-120b (OpenAl, 2025)

Llama Ilama3.1-8b-i Llama-3.1-8B-Instruct (Grattafiori et al., 2024)
1lama3.3-70b-i Llama-3.3-70B-Instruct (Grattafiori et al., 2024)

Qwen gwen3-30b-a3b-i  Qwen3-30B-A3B-Instruct-2507  (Yang et al., 2025)
qwen2.5-72b-i Qwen2.5-72B-Instruct (Qwen et al., 2025)

Table 8: Models used in our experiments.
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Category Terms Source

Absolutist absolutely, all, always, complete, completely, con- (Al-Mosaiwi
words stant, constantly, definitely, entire, ever, every, every- and Johnstone,
one, everything, full, must, never, nothing, totally, 2018)
whole
Depressive depression, collapse, stress, suicide, apastia, anxious, (Li et al,
words sad, tired, death, lonely, insomnia, bad, desperate, 2020)

give up, low, leave, fear, danger, close, sensitive, lost,
shadow, destroy, suspect, crash, dark, helpless, guilt,
negative, frustration, nervous, melancholy, rubbish,
jump, forget, cut wrist, edge, haze, antidepressant

Non-fluencies ..., uh, um, er, ah, eh, oh, hmm, mm, hm, huh, mmm, (Caines et al.,
mhm, you know, y’know, i mean, let’s see 2017)

Table 9: Lexicon of Linguistic Markers of Depression used in analysis. The non-fluencies lexicon comprises filled
pauses and discourse markers from (Caines et al., 2017), expanded with additional terms identified through our
observations.

Attribute Category Count / Summary

Age 21-63
Mean =35.3
SD=114
Median = 33

—

Gender Female
Male

Job role Psychologist
Social worker
Counsellor (mental health)
Clinical psychologist
Occupational therapist

— NN | O~

Country of residence  United States
Sweden
Spain
United Kingdom
Germany
Canada
India
Poland
Kenya
Italy
Czech Republic
Australia
Portugal
Greece

[ T T Y ST No I NO i NG I N

Table 10: The anonymized demographic statistics reported here summarize all 20 annotators.
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Patient Profile

situation of the client: The client is experiencing emotional distress from negative remarks and feels trapped in a living
situation with someone who is emotionally abusive. They are concerned about the potential loss of custody of their children
due to their mental health diagnosis.

resistance toward the support: Medium

symptom severity: feelings of sadness, tearfulness, emptiness, or hopelessness: Severe; angry outbursts, irritability, or
frustration, even over small matters: Moderate; loss of interest or pleasure in most or all normal activities, such as sex,
hobbies, or sports: Moderate; tiredness and lack of energy, so even small tasks take extra effort: Moderate; anxiety, agita-
tion, or restlessness: Moderate; feelings of worthlessness or guilt, fixating on past failures or self-blame: Severe; trouble
thinking, concentrating, making decisions, and remembering things: Moderate; becoming withdrawn, negative, or detached:
Severe; isolating from family and friends: Severe; inability to meet the responsibilities of work and family or ignoring other
important roles: Moderate

cognition distortion exhibition: selective abstraction: Exhibited; overgeneralizing: Exhibited; personalization: Exhibited;
minimisation: Exhibited; arbitrary inference: Exhibited

depression severity: Moderate Depression: The client is experiencing significant distress and symptoms consistent with
major depression but is potentially maintainable with appropriate intervention.

suicidal ideation severity: No suicidal ideation

homicidal ideation severity: No homicidal ideation

counseling history: N/A

Conversation A (RD-llama3.3-70b-i)

Conversation B

Therapist: Welcome back. How are you feeling today as we
begin? Is there anything in particular you’d like to explore or
focus on during our time together?

Patient: I don’t know where to start, everything just feels so
messed up. My family’s been on my case and I'm just trying
to keep my head above water. I feel like I’'m losing myself
in all of this and I don’t know how to get back on track. I'm
worried about my kids, I don’t want them to get taken away
from me because of my own issues. I just feel so stuck and I
don’t know what to do.

Therapist: Thank you for beginning today. How are you
feeling right now, and what would you like to explore in
our conversation? I’m here to listen and support you as you
share whatever comes up.

Patient: I'm feeling pretty drained and a bit anxious right
now. I’d like to explore how my recent job change is affect-
ing my sleep and overall mood.

Therapist: It sounds like you’re carrying a heavy load

of worry and feeling pulled in so many directions. What
moments or thoughts stand out as the most overwhelming
for you right now? When you think about your children
and the fear of losing them, what feelings or images come
up? If you could picture a small step toward feeling more
grounded, what might that look like?

Patient: I'm just so tired of feeling like I’'m not good
enough. Every argument with my family makes me feel
like I'm failing my kids. I see them happy with someone
else, and it tears me apart. I wish I could just have one day
without feeling like I'm walking on eggshells, waiting for
the next problem to arise. Maybe taking a few minutes for
myself each day to breathe and focus on what I need would
help, but it feels like a luxury I don’t have right now.

Therapist: It sounds like the transition is draining your
energy and adding a layer of worry. I hear you’re noticing
changes in both sleep and mood. Could you share what a
typical day at the new job feels like for you, and how that
might be impacting your rest?

Patient: A typical day at the new job feels like a constant
juggling act. I start around 8:30 am, but by the time I actu-
ally get into the office or log on remotely, it’s already 9:00.
The first thing I do is sift through a backlog of emails and
messages, many of which are urgent and require immediate
action. That rush sets a frantic tone for the rest of the day.
After the email storm, I usually have back-to-back meet-
ings—often with clients or partners in different time
zones—so I’m hopping between 9:30 and 12:30, then again
from 1:00 to 4:00. Each meeting feels like a mini-deadline;
I’m constantly drafting follow-ups, adjusting spreadsheets,
and trying to anticipate the next question. By 4:30 I'm still
in a meeting or stuck in a “catch-up” call, so I only get home
around 7:30-8:00.

The environment is also a factor: the office is brightly lit,
constantly humming with people. Even when I try to decom-
press at home, the noise from the building’s HVAC system
and the occasional phone rings in the hallway keep my mind
on alert mode. I find myself replaying the day in my head as
soon as I lie down—thinking, “What if I missed that detail?”
or “Did I say that correctly?’—which makes it hard to wind
down.

[...]

Table 11: Example 1 of pairwise comparison shown to annotators (Part 1). Underlined conversation is produced by
higher-ranked simulator according to PSI-Bench. [...] shows the message continues, but is not shown for brevity.
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Therapist: It sounds like you’re carrying a lot of self-doubt,
and the fear of losing your connection with your kids am-
plifies that. When you imagine a day where you’re not on
eggshells, what does that look like for you? What small mo-
ments of calm, even if they’re just a few minutes, have you
noticed that might still be possible in your current routine?
Patient: When I think about having a day where everything
feels okay, I imagine being able to talk to my family without
everything blowing up. I see myself playing with the kids,
laughing, and just being with them without all this weight.
It’s like I'm remembering a dream, but it’s what I want. In
the mornings, before everyone’s up, I sometimes sit outside
with coffee, and for a bit, everything’s still. It’s not a lot,
but it’s something. When I help the kids with homework

or read to them, I can forget about all the stress for a little
while. Maybe if I find more of those moments, I’ll feel more
grounded and less like I’m losing it all.

Therapist: It sounds like your days are packed with a lot of
moving parts, and that constant shift from one urgent task
to the next keeps your mind in a state of alertness even after
you’re home. How does that ongoing mental “humming”
affect how you feel when you finally try to rest? What
moments of the day, if any, bring you a sense of relief or
calm, and how might you build on those?

Patient: It’s hard to shake that humming. Even when I'm
physically home, my brain keeps replaying the day like a
loop. I hear the echo of the last meeting’s questions, the
tentative “what if”” about the email I sent, and the subtle
reminder that there’s still a deadline looming. When I finally
try to lie down, that humming becomes a backdrop noise
that I can’t quiet out—Tlike a low-grade fan that never stops.
It makes it difficult to fall asleep; I usually need a full hour
of restless tossing before I do finally nod off. And when I
do fall asleep, the humming lingers in my dreams—often

as intrusive, fragmented images that make the sleep feel
shallow and unsatisfying.

I’ve noticed a few pockets of relief, though, mostly in the
early part of the day. After the initial email flood, there is a
brief window before the meetings start where I can sit with
a cup of tea, take a few deep breaths, and jot down a quick
to-do list. That small pause feels grounding; I can outline
what needs to be done and feel a sense of control that the
rest of the day’s chaos can’t give me. In the evenings, when
I finish a long session of “catch-up” calls and have a clear
sense that I’ve addressed the most urgent items, I sometimes
feel a genuine, if fleeting, sense of relief. I also get a brief
moment of calm when I step outside for a quick walk or
when I take a shower and let the water’s rhythm reset my
nerves. |...]

Annotator 1 — A: The answers in Conversation A seems more like a real patients answers because they are not very de-
tailed and seems to seek feedback from the counsellor. Conversation B has very detailed answers and it seems like the

patient is solving everything without any help.

Annotator 2 — A: I chose Synthetic A because it accurately reflects the patient’s profile (family struggles, fear of losing
children), whereas Synthetic B completely hallucinates an unrelated corporate persona. Although A is still a bit too artic-
ulate compared to the real patient’s fragmented style, B’s massive, self-diagnosing paragraphs are highly unrealistic for
someone with severe depression and emotional distress, making A the clear winner.

Annotator 3 — A: Based on my own professional experience

Annotator 4 — A: Some clients will talk like B, but that’s extremely rare. B was way too descriptive, and used language that
most clients don’t use. A seemed much more realistic and natural. Most people need to be probed to give further info as
well, which is more similar to how A was responding. And this is already implied, but B gave answers that were longer than
typical. A just seemed to be more like a real convo. B isn’t outrageous, but just less statistically likely

Annotator 5 — A: A seems much more human, B seems slightly robotic so to speak.

Table 11: Example 1 of pairwise comparison shown to annotators (continued) and reasoning for their choice. [...]
shows the message still continues, but is not shown for brevity.
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Patient Profile

occupation: computer programmer

situation of the client: The client feels exhausted and shattered all the time for about six months, with work becoming a
problem due to physical symptoms such as muscle aches and a lack of energy. Despite numerous medical consultations and
tests, no diagnosis has been made, which frustrates the client.

resistance toward the support: Medium

symptom severity: feelings of sadness, tearfulness, emptiness, or hopelessness: Mild; angry outbursts, irritability, or frus-
tration: Mild; loss of interest or pleasure: Mild; sleep disturbances: Severe; tiredness and lack of energy: Severe; anxiety,
agitation, or restlessness: Mild; slowed thinking or movement: Mild; trouble concentrating: Mild; physical problems (e.g.,

headaches): Mild; withdrawn behavior: Mild; difficulty meeting responsibilities: Mild
cognition distortion exhibition: arbitrary inference: Exhibited

depression severity: Mild Depression

suicidal ideation severity: No suicidal ideation
homicidal ideation severity: No homicidal ideation
counseling history: N/A

Conversation A (PS-gpt-oss-120b)

Conversation B (PS-Llama3.1-8B)

Therapist: It sounds like you’re ready to begin. How are
you feeling right now? What would you like to explore or
share in our time together today?

Patient: I'm... pretty terrible, to be honest. I woke up way
later than I'm supposed to after another night of tossing
and turning, and I just felt like a total failure because I
couldn’t even get out of bed. The whole day feels heavy—
I’'m scared I'll mess up my work, angry at myself for being
so exhausted, and kind of lonely because nobody seems

to get it. I guess I want to talk about why I keep feeling
worthless when I can’t be productive and what I’m supposed
to do about it.

Therapist: Hello, I hear you’re ready to begin. How are you
feeling as we start this session? Is there something particular
you’d like to bring up first?

Patient: I’'m feeling a bit anxious, to be honest. I've been
having a really tough time lately, and I’m not sure if 'm
doing the right thing by coming here. I’ve been feeling so
overwhelmed with my fatigue and pain, and I just feel like
I’'m failing at everything. I'm worried that I’'m going to fall
behind at work and that my boss is going to be on my case
about it. I guess I just want to figure out why I'm feeling so
stuck and how I can get back on track.

Therapist: It sounds like you’re carrying a heavy load of
self-criticism right now. How does that feeling of worthless-
ness show up for you when you’re not meeting your own
expectations? What do you think might be happening in
your mind when you notice those thoughts?

Patient: When I finally manage to sit up, the first thing
that pops into my head is that I'm a failure, that I can’t

do anything right. It feels like a weight pressing down

on me, making everything seem pointless and... I start
wondering if I’'m even worth being around because I’'m not
productive. The anxiety builds, like a knot in my chest, and
I get scared that I’ll let my team down or become a burden.
I end up staying in bed longer, scrolling on my phone, and
just replaying the same “I’m worthless” loop over and over.
It’s exhausting, but I can’t seem to stop the thoughts once
they start.

Therapist: It sounds like you’re carrying a lot of pressure
right now—fatigue, pain, and worries about work all piling
up. How does that feeling of being “stuck” show up for you
in your daily routine? What do you think might help you
feel a bit more in control of those moments when everything
feels overwhelming?

Patient: It’s just so hard to get started in the morning, even
though I know I need to. I’ll lie in bed for a while, thinking
about all the things I need to do, and how I just can’t do
them because I'm too tired. Sometimes I'll take a nap,
hoping that it’ll give me a boost, but it never really does. 1
feel like I'm just going through the motions, you know? I'm
not really living, I'm just existing, and that’s a really scary
thought.

Table 12: Example 2 of pairwise comparison shown to annotators (Part 1). Underlined conversation is produced by

higher-ranked simulator according to PSI-Bench.
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Therapist: It sounds like that cycle of self-criticism feels
almost automatic, almost like a default setting that pulls you
into a heavier mood. When those thoughts surface, what
sensations or images come with them—aside from the knot
in your chest? How would you describe the space between
noticing the thought and feeling the pull toward that “failure”
narrative?

Patient: I feel this tightness in my throat and my muscles
just kind of... ache all over. In my mind I see a picture of
myself at the desk, everyone staring, looking disappointed.
There’s a tiny gap—maybe a second—where I notice the
thought, but then the feeling rushes in like a wave and pulls
me straight into that “failure” story. My heart starts pound-
ing and I get a cold sweat. It all happens so fast I barely
have a moment to even breathe.

Therapist: It sounds like the mornings feel like a battle,
with fatigue pulling you back even as you know you need to
start the day. What small moments, if any, do you notice that
bring a brief sense of relief or a spark of motivation? How
does the feeling of “existing” rather than “living” show up in
your thoughts or actions as the day goes on?

Patient: I think it’s the little things, like making a cup of
coffee or taking a shower, that give me a tiny bit of energy
and make me feel like I’'m doing something, even if it’s just
small. Sometimes, if I'm lucky, I'll get a bit of momentum
going and I’ll manage to tackle a task or two, but it’s always
followed by a crash afterwards. I feel like I'm just putting
on a mask, pretending to be okay, but deep down I’m still
feeling exhausted and defeated. When I’'m not working,

I feel like I'm wasting my time, like I should be doing
something productive, but I’'m just too tired to even think
about it. I guess it’s like I’'m trapped in this never-ending
cycle of fatigue and guilt, and I don’t know how to escape it.

Annotator 1 — B: “B seems most human and the realest of all the conversation in this block as far as I remember, having
the best flow of conversation and seemingly something that could be actually heard when talking with a patient.*
Annotator 2 — A: “I chose Synthetic A because it actively incorporates the specific physical and sleep symptoms from the
patient profile (e.g., tossing and turning, waking up late, muscle aches all over). It also uses more natural speech patterns,
like hesitation and fragmented thoughts. Synthetic B is not terrible and correctly identifies the fatigue and work anxiety,
but it feels a bit more generic. The patient in B talks in broad clichés (I am not really living, I am just existing, putting on a
mask), whereas the patient in A grounds their anxiety in concrete physical sensations (tightness in the throat, muscle aches,
pounding heart), which better matches the profile of someone suffering from severe unexplained physical exhaustion.*
Annotator 3 — B: “In B it s not all negative, but a mix of hope and anxiety*

Table 12: Example 2 of pairwise comparison (continued) and reasoning for annotators’ non-tie choices.
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