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Abstract
The increasing demand for mental health services has outpaced the
availability of real training data to develop clinical professionals,
leading to limited support for the diagnosis of depression. This
shortage has motivated the development of simulated or virtual
patients to assist in training and evaluation, but existing approaches
often fail to generate clinically valid, natural, and diverse symp-
tom presentations. In this work, we embrace the recent advanced
language models as the backbone and propose a novel clinician-
in-the-loop patient simulation pipeline, TalkDep, with access to
diversified patient profiles to develop simulated patients. By con-
ditioning the model on psychiatric diagnostic criteria, symptom
severity scales, and contextual factors, our goal is to create au-
thentic patient responses that can better support diagnostic model
training and evaluation. We verify the reliability of these simulated
patients with thorough assessments conducted by clinical profes-
sionals. The availability of validated simulated patients offers a
scalable and adaptable resource for improving the robustness and
generalisability of automatic depression diagnosis systems.

CCS Concepts
• Applied computing → Health informatics; • Computing
methodologies→ Language resources.
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1 Introduction
Major depressive disorder (MDD) affects hundreds of millions of
people worldwide and is now the single largest contributor to the
number of years lived with disability [13]. Global estimates put the
number of people living with depression at well over 300 million,
yet most of them do not receive adequate care, especially in low- and
middle-income countries with merely 8% coverage of mental health
treatment [16]. The gap is compounded by the lack of qualified
mental health professionals [11]. This mismatch between demand
and clinical capacity has led to intense research into depression
screening systems that can operate at scale and in real time.

Since 2017, the CLEF eRisk lab has provided a workshop on
early risk detection tasks based on social media publications. In
2025, eRisk introduced a new pilot track Conversational Depression
Detection via LLM Personas, which shifts evaluation to an interac-
tive, dialogue-based setting: participants must engage with LLM
personas and decide, as early as possible, whether each persona
shows signs of depression, the severity level of depression and ma-
jor symptoms [19–22]. Although the task opens exciting avenues
for studying conversation-centric screening, it also highlights a
crucial bottleneck: the field lacks a publicly available, clinically
grounded collection of simulated patients that (i) cover clinical
guidelines such as the BDI-II [6], (ii) respond coherently across
diverse life contexts, and (iii) are supervised by professionals.

We address this gap by introducing TalkDep, a language model-
driven and clinician-in-the-loop patient simulation pipeline that
couples structured depression profiles with free-form generative
text. Each persona of the patient is instructed with (a) explicit de-
mographic and biographical attributes, (b) BDI-II-aligned symptom
severities, (c) dynamic context templates that guide conversational
behaviour, and (d) conversations exemplify expression styles. A set
of consistency and safety checks (both automatic and human) filter
responses to ensure clinical plausibility and ethical compliance. The
resulting resource currently comprises 12 fully validated personas
that cover minimal to severe depression and has already served as
the ground-truth backbone of the eRisk 2025 pilot.

In summary, our contributions are fourfold:
(1) We propose the first open-source, BDI-II-based pipeline for

generating clinically coherent simulated patients.
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Figure 1: Overview of TalkDep, a patient simulation pipeline.

(2) We release a vetted repository of 12 depression personas
together with conversation templates and logging scripts1.

(3) We provide extensive automatic and expert validation, show-
ing that both LLM judges and human clinicians reliably recognise
the intended severity levels.

(4) We demonstrate the immediate utility of the resource by
empowering the eRisk 2025 conversational track, establishing a
reproducible benchmark for future research.

Together, these contributions create a scalable framework for
advancing dialogue-based depression screening technology and
studying how language models encode and express mental health
symptomatology.

2 Related Work on Patient Simulation
Patient simulators have been widely used for educational purposes
and the training of healthcare professionals [4, 7, 18]. Typical exam-
ples include Standardised Patients (SPs), which stands for a method
that employs people trained to act as patients and portray specific
clinical cases [3]. Recently, several studies have investigated the
potential of using LLMs to support depression screening and even
diagnosis [2, 24, 25]. However, most studies investigated the value
of LLMs in addressing depression assessments. Only a few existing
studies have explored patient simulation using LLMs. These include
prompting LLMs with essential attributes (for example, situation,
belief and emotion categories) [28], or involving domain experts
in a principle-based prompting pipeline [12]. Compared with exist-
ing efforts, this study contributes a resource that focusses on the
availability of realistic user profiles and the advancement of prompt
pipelines, which can be easily integrated with existing approaches.

3 Methodology
In this section, we describe the two major components of TalkDep,
including the preparation of realistic patient profiles and the intro-
duction of a simulator construction pipeline based on in-context
learning (ICL). Figure 1 presents an overview of the patient simula-
tion process of TalkDep.
1The full resource, code, and evaluation sheets are publicly available at: https://github.
com/Anxo06/TalkDep/.

Table 1: BDI-II scores grouped by depression level of the 12
simulated LLM personas.

Level Persona BDI-II Level Persona BDI-II

Severe
Maria 40

Moderate
Linda 28

Marco 38 Laura 23
Elena 35 James 22

Mild
Alex 15

Minimal
Priya 7

Gabriel 13 Maya 6
Ethan 12 Noah 5

3.1 Patient Profile Construction
For the construction of realistic patient profiles, we adopt a clinician-
in-the-loop strategy. We employ a team of three clinical psycholo-
gists to collaboratively design a template that summarises biograph-
ical and clinical information to allow for an effective presentation of
simulated patients. The evaluation of the corresponding templates
is based on free-form interviews between clinicians and the corre-
sponding personas to ensure that they support natural conversation
and reflect their intended level of BDI-II and symptoms. The final
template (left part of Figure 1) comprises eight attribute groups,
including the main ones2:

• Persona information. Basic demographic details (name, age,
gender, and a predefined BDI-II score). This demographic
context and the specification of a BDI-II score in the persona
shape the way depression manifests and is perceived [5].

• Key negative symptoms. Up to four key BDI-II symptoms
that the LLM should manifest coherently. Real patients rarely
exhibit all possible symptoms; instead, they present a few
prominent ones, so ensuring the persona expresses some of
these negative cognitions will reflect authentic depression
experiences [27].

• Memory and reflection. Providing the simulated patient with
a background (personal history and social context) is crucial

2Due to page limitations, full attributes, prompt files, and materials are available in
the project repository.

https://github.com/Anxo06/TalkDep/
https://github.com/Anxo06/TalkDep/
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for narrative coherence. Depression is frequently associated
with adverse life events (for example, loss of a loved one,
unemployment, trauma). In psychiatric interviewing, the
acquisition of a social and life history is considered one of
the most important pieces of the evaluation [26].

• Communication style. Linguistic markers can be strong indi-
cators of depression [26]. The language of depressed patients
often features a reflective focus on the past rather than the
future. For example, frequent use of past-tense verbs and
fewer future-orientated words [1]. We define the persona’s
vocabulary and sentence style to match these findings.

3.2 In-Context Learning (ICL) Simulation
Advancement

Inspired by the recent success of in-context learning approaches in
generating high-quality natural language conversational responses
[14, 17], we propose to further enrich patient profiles with example
conversations that effectively reflect the severity of depression and
key symptoms of major depression for each corresponding persona.
As illustrated in Figure 1, we develop a multistep pipeline for the
generation of synthetic dialogue.

Based on the patient profiles constructed in the initial stage, we
begin with an initial prompt for generating 5 synthetic dialogues
(LLM No. 1 in Figure 1): one to represent the overall severity of
depression and four others to highlight the individual main symp-
toms. The results of this first step are the synthetic conversations
between the simulated patient and the LLM No. 1 instructed to act
as an experienced therapist.

We then collect these generated dialogues, frame them as recorded
counseling sessions between the patient and a therapist, and use
another LLM (LLMNo. 2 in Figure 1) to assess the severity of depres-
sion and the presence of major symptoms as a clinical professional.
This results in a prediction of the severity of depression3.

By comparing the evaluation results with the ground truth de-
pression profile, we assess whether conversations reflect the same
level of depression severity, defined as an absolute difference in the
BDI score of less than five points. If the evaluation results meet
the requirement, we combine the generated conversations with the
corresponding patient profile to form a complete context to initi-
ate the final patient simulator (LLM No. 3 in Figure 1). Otherwise,
we repeat the generation and evaluation process with a refined
prompt for improved generation. As a result, by completing the
simulation pipeline of TalkDep, we obtain a total of 12 simulated
personas, listed in Table 1, representing various levels of severity
of depression and a variety of major depression symptoms.

4 Experimental Evaluation and Analysis
4.1 LLMs as Judges: A Pairwise Depression

Comparison Experiment
Since our simulated patient personas are designed around clinically
BDI-II based depression levels (from 0 to 63 possibly score), we
also evaluate whether external LLMs can accurately detect and
differentiate these levels. To this end, we design a pairwise-ranking

3The ideal pipeline would include a clinician-in-the-loop for this assessment, and we
plan to incorporate this refinement in the next stage of our work.

Table 2: Pairwise comparison results for the LLM judges. Ac-
curacy is computed as the percentage of correct comparisons.
Error pairs are divided into those where the model confused
personas with the same/different depression levels.

Model Accuracy Error Pairs
(same / different) level Neither

Llama3.1:8B 75.81% 11.29% / 12.95% 4 pairs
Deepseek-r1:14B 86.36% 6.06% / 7.58% 0 pairs
Gemma3.1:27B 77.27% 12.12% / 10.61% 0 pairs
Llama3.1:70B 81.67% 8.33% / 9.99% 6 pairs

experiment in which a third-party LLM acts as an clinician and
decides which of two conversation transcripts reflects a higher
risk of depression. By testing how well the LLM judges align with
the ground truth, we can gain insight into both the quality of our
persona simulations and the sensitivity of LLMs to depression cues
in dialogue. This experiment includes the following steps:

(1) Conversation Generation: As we explained in the previ-
ous section, we leverage semi-structured conversations with each
simulated LLM persona in Table 1. (2) Pairwise Comparison:
Each transcript pair generated is given to the LLM judge, which
identifies which of the two personas appears to have a higher risk
of depression: Person A > Person B, Person B > Person A, or "Nei-
ther" (insufficient evidence to make the comparison). For example,
Maria has a higher BDI-II depression score than Priya, thus, Maria
> Priya in the comparison. (3) Ranking Evaluation: Finally, we
compare these comparisons against the ground-truth BDI-II scores.
We consider a correct prediction when the LLM acting as a judge
chooses the most severe LLM persona from the comparison.

We conducted our experiments including four open-source mod-
els that vary in parameter count and training paradigm: llama3-
8b-instruct [8], deepseek-r1-14b [9], gemma-3-27b [15] and llama3-
70b-instruct [8]. Since each persona is compared to each other in a
pairwise approach, the experiment involves a total of 66 compar-
isons (

(12
2
)
= 66). The results, presented in Table 2, highlight both

the general precision of the prediction and key trends regarding
incorrect predictions and “Neither” responses.

Overall performance. Among the four judges, the DeepSeek
R1-14B variant achieved the best accuracy (86.36%) and never de-
cided on the “Neither” option. Llama 3.1 70B ranked second (81.67%)
but declined to decide in six comparisons, indicating a more cau-
tious policy. The two remaining models: Gemma 3.1 27B and Llama
3.1 8B obtained around 77% and 76% accuracy. These results show
that model size alone does not guarantee higher accuracy, and that
explicit uncertainty is only present in the Llama models.

Incorrect Predictions. All models shared certain challenging
cases. For instance, Marco (BDI-II=38, severe level) was misclassi-
fied a few times, whether compared to Moderate-level personas
such as Linda (BDI-II=28) or Laura (BDI-II=23). This result could
indicate that the Marco transcripts, though intended to convey se-
vere symptoms, did not provide enough explicit cues for the model
to confidently rank him above someone in the moderate category.

Pair errors with the same vs. different depression levels.
Errors where the pairs come from the same level are less concerning
from a diagnostic perspective, as individuals within the same BDI-II
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Table 3: Mean attribute scores (1–5) for each LLM persona,
grouped by depression-severity level.

General interaction Depression-oriented

Severity Persona Hum. Nat. Flu. Emo. Sym. Eng. Cog.

Minimal
Maya 3.5 4.0 4.5 4.0 4.0 4.0 3.5
Noah 3.0 3.0 4.0 3.5 4.0 3.5 4.0
Priya 3.5 4.5 4.5 4.0 4.5 4.0 4.5

Mild
Alex 3.0 4.0 4.5 4.0 4.0 4.0 4.0
Ethan 3.5 4.5 4.5 3.5 4.0 4.5 4.5
Gabriel 3.0 3.5 4.0 4.0 3.5 3.0 3.5

Moderate
James 3.5 4.0 4.5 3.5 4.5 4.0 3.5
Laura 4.0 4.5 4.5 4.5 4.5 3.5 4.5
Linda 3.5 4.0 4.5 3.5 3.5 3.5 3.0

Severe
Elena 4.5 4.5 4.5 4.5 4.0 3.5 3.5
Marco 4.0 4.0 4.5 4.0 4.5 3.5 3.5
María 4.0 4.0 4.5 3.5 4.0 3.0 3.0

range (e.g., Alex at 15 vs. Gabriel at 13) can present highly similar
clinical profiles. As Table 2 shows, all LLMs make roughly the
same number of mistakes when considering the same or different
levels of depression. The errors in comparison pairs with different
depression levels are low (no higher than 12.95%), so even when
the models are wrong, they rarely mix patients whose depression
levels are clearly different.

4.2 Clinical Professional Assessment for
Simulation Validation

To complement the automatic evaluation of LLM, we recruited
two additional certified clinical psychologists (not involved in the
simulation design) to rate the 12 LLM personas on a 1–5 Likert
scale [10]. We asked them to fill out a form to examine the realism
of simulated patients and their behaviours to reflect the severity of
the encoded depression and key symptoms. The form covered two
dimensions: (𝑖) General interaction quality on three attributes: Hu-
manness, Naturalness, Fluency. (𝑖𝑖) Depression diagnosis-oriented
assessment, with four attributes: Emotional consistency, Symptom
realism, Engagement/Responsiveness, Cognitive load & processing
style4. Each rater conducted conversational interactions with each
persona and received the corresponding full interview transcript to
complete the form independently. Table 3 reports the mean scores
(1-5) per LLM persona for all considered attributes.

Overall evaluation results. Across all personas and attributes,
the overall mean is 3.92, indicating that clinicians judged that the
simulated patients were well above the midpoint of adequacy. Re-
garding the two dimensions, the general interaction attributes av-
erage 4.01, whereas the four depression-orientated items average
3.84. Thus, while language quality is perceived as strong, symp-
tom portrayal remains slightly lower, suggesting that the pipeline
captures psychological cues almost as convincingly as it renders
conversational flow.

Differences based on severity levels. Averaging scores within
each severity level (Table 3) reveals little differences. The general
quality of the interaction increases slightly with severity: from 3.83

4The guidelines and evaluation instructions are accessible in the repository.

in the minimal group to 4.28 in the severe group. Thus, clinicians
perceived the more symptomatic personas equally or even more
natural and fluent than the milder ones, suggesting that our prompt
design maintained conversational coherence even when simulat-
ing severe cases. In contrast, the mean for depression-oriented at-
tributes is better in the minimal and moderate bands (3.96 and 3.83,
respectively) and declines to 3.71 for the severe band. This drop is
primarily driven by lower scores of participation and cognitive load,
which is consistent with the clinical expectation that severely de-
pressed patients participate less and exhibit cognitive slowing [23].

5 Findings, Discussions and Conclusions
In general, our evaluation shows that the TalkDep simulation pipeline
produces clinically relevant and conversationally coherent patient
personas at a range of depression severity levels. Both LLMs and
clinical experts as assessors confirmed that the simulated dialogues
reliably reflect the intended BDI-II-based symptom profiles. LLM
judges achieved up to 86% precision in pairwise severity compar-
isons, indicating that the depression signals in our dialogues are
detectable and interpretable. Clinical professionals rated personas
highly on the dimensions related to interaction and symptoms,
with an average score of 3.92 out of 5. People in the severe group
were judged fluent and natural in conversations, while lower scores
on engagement and cognitive activity matched clinical expecta-
tions. However, some difficulty remained in distinguishing adjacent
severity levels, especiallywhenmoderate personas expressed strong
emotional cues. This suggests a need for more controlled prompting
to ensure a better representation of symptoms.

TalkDep has already proven useful on the eRisk 2025 pilot track
and offers a clinically grounded benchmark to detect depression
from conversations [22]. Although current coverage is limited to
12 personas, future extensions could introduce more diverse pro-
files and modalities. In summary, our findings demonstrate that
TalkDep offers a viable resource to benchmark dialogue-based de-
pression detection systems. The evaluated personas also provide
a solid foundation to support broader research on patient simula-
tion, particularly for mental health education, where realistic and
varied case presentations are essential for preparing clinical practi-
tioners. These personas enables controlled experimentation with
symptom severity, multi-system evaluation, and invites further
research on the generation and assessment of simulated mental
health dialogues.

All stages of profile design and evaluation were performed in con-
sultation with licenced clinicians and no real patient data was used.
Because the patients are entirely synthetic, the resource poses no
risk of re-identification or psychological harm to actual individuals.
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