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Abstract

Depression is one of the most common mental
disorders yet remains underdiagnosed. Large
language models (LLMs) have shown promise in
their ability to understand the semantic mean-
ing behind medical text and automate clinical
workflows through collaborative agents. Here,
we propose an LLM-based multi-agent system
to diagnose depression symptoms from clinical
interview transcripts. Our system integrates
four agents: (1) a qualitative assessment agent
that identifies symptoms and risk factors, (2)
a judge agent that evaluates qualitative as-
sessment through iterative self-refinement, (3)
a quantitative assessment agent that predicts
clinical scores using a novel embedding-based
few-shot prompting approach, and (4) a meta-
review agent that integrates outputs into a
comprehensive overview of a patient’s mental
state. The qualitative assessment agent pro-
vided coherent, specific, and reasonably accu-
rate assessment, as evaluated by both the hu-
man expert and the judge agent. The quanti-
tative assessment agent with few-shot prompt-
ing showed an average mean absolute error
of 0.619 for symptom prediction versus 0.796

* These authors contributed equally to this work.
T These authors jointly supervised this work and share cor-

respondence.

in zero-shot prompting, while the meta-review
agent achieved a binary classification accuracy
of 78%, comparable to that of a human expert.
Our system could serve as a consultant for psy-
chiatrists and psychologists, offering an alter-
native perspective on patients’ mental health
conditions, and thus establishing a foundation
for future work on agent-aided clinical support.
Keywords: Large Language Models, Agents,
Mental Health, Depression

Data and Code Availability We wused the
Distress Analysis Interview Corpus — Wizard of
Oz (DAIC-WOZ) dataset (Gratch et al., 2014),
which is available at https://dcapswoz.ict.usc.
edu/. Code is available at https://github.com/
trendscenter/ai-psychiatrist.

Institutional Review Board (IRB) This study
used a public and de-identified dataset and did not
require IRB approval.

1. Introduction

Mental disorders are among the leading contributors
to the global burden of disease, posing substantial
challenges to both individuals and public health sys-
tems. Depression affects more than 300 million peo-
ple worldwide, and its prevalence continues to rise
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(World Health Organization, 2025). The clinical di-
agnosis and treatment of mental disorders typically
rely on semi-structured interviews, in which clinicians
assess symptoms of patients according to their verbal
responses and behavioral signals. However, this pro-
cess is inherently subjective, with outcomes varying
across clinicians based on their training, experience,
and interpretation of criteria (Meyer et al., 2001).
Such inconsistency results in severe consequences. At
the patient level, it delays accurate diagnosis, wors-
ens clinical outcomes, and increases financial bur-
dens due to prolonged care. At the system level,
it further strains already overburdened medical ser-
vices, reduces comparability across cases, and esca-
lates overall healthcare costs. This gap, rooted in the
text and speech-based nature of clinical interviews,
can be addressed by leveraging artificial intelligence
(AI) capabilities in natural language and speech anal-
ysis, offering a promising path toward more reliable
and explainable mental health assessment.

Recent advances in large language models (LLMs)
(Devlin et al., 2019; Radford et al., 2019; Brown et al.,
2020; Touvron et al., 2023) have empowered Al agents
to perform complex language-based tasks (Yao et al.,
2023; Schick et al., 2023; Wang et al., 2024). These
LLM-based agentic systems show promising potential
in clinical workflows that involve the understanding
and reasoning of natural language (see Appendix A
for related work). Previous related studies focused
on isolated tasks, such as synthesizing interview data
(Yin et al., 2025) or predicting the severity of depres-
sion (Galatzer-Levy et al., 2023; Sadeghi et al., 2024),
rather than proposing a structured, explainable, and
clinically grounded assessment system.

Here, we propose a multi-agent system based on
LLMs to analyze clinical interviews from both quan-
titative and qualitative aspects to support depression
assessment. The proposed system includes four spe-
cialized, collaborative agents: (1) a qualitative assess-
ment agent that interprets interview transcripts and
identifies risk factors, (2) a judge agent that eval-
uates qualitative assessment through iterative self-
refinement, (3) a quantitative assessment agent that
predicts standardized clinical scores using a novel
embedding-based few-shot prompting approach, and
(4) a meta-review agent that integrates outputs into
diagnostic suggestions. In addition, a human expert
evaluation is conducted to guarantee clinical valid-
ity. This system is designed to support psychiatrists
by providing automated initial evaluations while en-
suring that professional oversight remains central to

the process. Our contributions are summarized as

follows:

e We design an LLM-based multi-agent system
that integrates four collaborative agents to an-
alyze clinical interviews from both quantitative
and qualitative perspectives.

e We develop an embedding-based few-shot
prompting strategy that outperforms a naive
zero-shot approach in symptom-specific predic-
tion.

e We demonstrate that the agentic system pre-
dicts depression severity from available informa-
tion with human-level accuracy.

2. Methods
2.1. Dataset

We used the Distress Analysis Interview Corpus —
Wizard of Oz (DAIC-WOZ) dataset (Gratch et al.,
2014), a multimodal benchmark comprising semi-
structured clinical interviews in North American En-
glish. This database aims to support the diagno-
sis of psychological distress conditions such as anx-
iety, depression, and post-traumatic stress disorder
(PTSD). Each interview was conducted by a virtual
interviewer called Ellie, controlled by a human inter-
viewer. Participants included people with and with-
out depressive symptoms. Before the interview, the
participants completed a set of questionnaires, in-
cluding the eight-item Patient Health Questionnaire
(PHQ-8) (Kroenke et al., 2009). The PHQ-8 assesses
eight depression symptoms over the past two weeks,
each scored from 0 (not at all) to 3 (nearly every day),
resulting in a total score of 0 to 24, with a higher
score indicating greater severity of depression. The
PHQ-8 total score can be converted to five severity
categories: no significant depressive symptoms (0—4),
mild depressive symptoms (5—9), moderate (10—14),
moderately severe (15 — 19), and severe (20 — 24). A
PHQ-8 total score of 10 serves as the threshold for
major depressive disorder (MDD; PHQ-8 > 10). The
dataset includes 189 interview sessions divided into a
training set (107 participants; 63 males, 44 females),
a development set (35 participants; 16 males, 19 fe-
males), and a test set (47 participants; 23 males, 24
females). We used 142 subjects from the training and
development sets for our main analysis, as item-wise
PHQ-8 scores were not available in the test set.
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Figure 1: Overview of the multi-agent system. (1) The interview transcript and PHQ-8 scores are
loaded into the system, and then distributed to the agents for both qualitative and quantitative
assessments. (2) The qualitative assessment agent summarizes symptoms and risk factors, and

sends them to the judge agent for iterative evaluation.

(3) The meta-review agent integrates

both qualitative and quantitative information and estimates overall severity. (4) The final LLM-
generated assessment is reviewed by a human expert for validation.

2.2. Models

We utilized a state-of-the-art open-weight language
model, Gemma 3 with 27 billion parameters (Gemma
3 27B) (Gemma Team et al., 2025). For the
embedding-based few-shot prompting approach, we
used Qwen 3 8B Embedding (Zhang et al., 2025)
due to its superior performance on the Massive Text
Embedding Benchmark (MTEB) leaderboard (Muen-
nighoff et al., 2022).

2.3. System Design

We propose an LLM-based multi-agent system for
assessing depression symptoms from clinical inter-
views (Figure 1). In this system, an agent is an
autonomous LLM-driven component that (1) main-
tains local task state or memory, (2) follows a local
decision policy to determine its next step, and (3)
operates in an observe-reason-act loop while commu-
nicating with other agents or humans through struc-
tured messages (Xi et al., 2023; Yao et al., 2022;
Wu et al., 2023). This design follows recent LLM-
agent literature that conceptualizes agents as cogni-
tive units coupling perception, reasoning, and action,
and demonstrates collaborative coordination across
multiple agents (Li et al., 2023; Chen et al., 2023).
Each component thus satisfies the operational defini-
tion of an LLM-based agent by maintaining internal

state, executing local decision policies, and exchang-
ing structured messages.

The system includes four collaborative agents. The
qualitative assessment agent identifies PHQ-8 symp-
toms and risk factors based on the interview tran-
script. The judge agent then evaluates these assess-
ments and, if the evaluation score falls below a thresh-
old, triggers a feedback loop to reassess. The quanti-
tative assessment agent predicts PHQ-8 scores using
an embedding-based few-shot prompting approach.
The meta-review agent integrates all information to
estimate the severity of the depressive symptoms. As
a whole, these agents form an interactive multi-agent
pipeline wherein decisions and information propagate
sequentially. Finally, a human expert evaluates the
LLM-generated assessments.

2.3.1. QUALITATIVE ASSESSMENT

We prompted Gemma 3 27B to assume the role of a
psychiatrist tasked with generating an objective and
concise assessment based on the participant’s inter-
view transcript, using exact quotes from the tran-
script as evidence. Four domains were used to cate-
gorize participant data based on the details provided
during the interview: a summary of PHQ-8 symp-
toms (frequency or duration of depression symptoms
if applicable), biological factors (for example, famil-
ial mental health history, pre-existing mental health
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conditions), social factors (for example, interpersonal
relationships or conflicts), and risk factors (for exam-
ple, isolation, stressors) relevant to the patient’s men-
tal health. Examples of each domain were included
in the prompt to help guide the model.

To verify the validity of the agent’s output, we
developed a judge agent, inspired by the LLM-as-a-
judge approach (Zheng et al., 2023), to evaluate qual-
itative assessment. The judge agent scored on four
metrics: specificity (avoiding overly generic state-
ments), completeness (coverage of symptoms and
their frequencies), coherence (logical consistency),
and accuracy (alignment with PHQ-8). Scores were
assigned on a five-point Likert scale, where a higher
score is better (see Appendix B for detailed defini-
tions of the proposed metrics). For each subject, the
judge agent analyzed the qualitative assessment and
explained its reasoning, using the original transcript
as reference. The judge prompt included instructions
to prevent hallucinations, explicitly asking the model
to base its explanations on information present in
the transcript and qualitative assessment, rather than
making assumptions or introducing external content.
The model was required to provide exact quotations
from the transcript as evidence. It then assigned a
numeric score (1 — 5, higher is better) based on the
rubric provided. The ordering in this step (reason-
ing first and scoring later) was intended to provide
the model with more time to think, thereby reduc-
ing the risk of hallucination. The judge agent took
both the original transcript and the LLM-generated
qualitative assessment as input for evaluation. When
an original evaluation score was below four, the judge
agent triggered an automatic feedback loop to further
improve the qualitative assessment. The qualitative
assessment agent was then given the judge agent’s
evaluation output and instructed to use it as a reme-
dial tool in the re-assessment (Madaan et al., 2023).
The new, modified version of the original assessment
based on the evaluation feedback was re-assessed by
the judge agent. The feedback loop was limited to a
maximum of 10 iterations per transcript.

2.3.2. QUANTITATIVE ASSESSMENT

The quantitative assessment part of our system uti-
lized few-shot prompting via embeddings to predict
PHQ-8 scores across all eight items. We compared
the few-shot prompting approach with a zero-shot ap-
proach, where we provided only the transcript to the
model without any examples. Our few-shot prompt-

ing method consists of two main parts: evidence re-
trieval and evaluation. During evidence retrieval,
Gemma 3 27B was provided with information about
the PHQ-8, a given transcript, and instructions to
retrieve relevant evidence associated with each indi-
vidual PHQ-8 question. If no relevant evidence was
found for a given PHQ-8 item, the model produced
no output. Then, we took the outputted pieces of
evidence and concatenated them into strings (one for
each PHQ-8 question, up to eight strings total if all
output was produced). Next, we used the embed-
ding backend to retrieve relevant example transcript
segments from our training set, along with their as-
sociated PHQ-8 scores by means of cosine similarity
with the concatenated strings (see Section 2.4.2 for
more details). During evaluation, Gemma 3 27B was
subsequently prompted with information about the
PHQ-8, the retrieved transcript segments, and addi-
tional instructions. The additional instructions were
to search for direct transcript evidence related to each
PHQ-8 question, cross-reference that evidence with
the example transcript segments, and evaluate the
frequency and severity of the input transcript while
thinking. After that, the LLM provided reasoning
for its thought process, and only then did it out-
put an integer score (0 — 3, higher is more severe),
or “N/A” (not available) if no relevant evidence was
available for a given PHQ-8 question. Model per-
formance was evaluated by computing the mean ab-
solute error (MAE) between predicted and ground-
truth PHQ-8 scores.

2.3.3. META REVIEW

We designed a meta-review agent to integrate in-
formation from the interview transcript, the quali-
tative assessment, and the quantitative assessment.
The meta-review agent integrated the qualitative and
quantitative assessments, and then predicted a sever-
ity category based on depressive symptoms discussed
in the interview. The model was instructed to use the
available information to infer the participant’s condi-
tion as accurately as possible.

2.3.4. HuMAN EXPERT EVALUATION

To ensure clinical validity, we included a human ex-
pert assessment as part of the evaluation process. A
PhD-level researcher (X.L.) evaluated the qualitative
assessment agent’s output using the same four-metric
and five-point rubrics used in the judge agent (Ap-
pendix B), with guidance from a senior clinical ex-
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pert (M.W.S.). The human evaluator also predicted
a PHQ-8 total score for each participant based on
the transcript. The PHQ-8 prediction performance
of the human expert was compared with that of the
meta-review agent.

2.3.5. AGENTIC SYSTEM

The agentic system consists of four specialized and
collaborative agents: a qualitative assessment agent,
a quantitative assessment agent, a judge agent, and a
meta-review agent. All agents use open-weight LLMs
through the Ollama API (https://ollama.com/).
Instead of using hard-coded logic, the system lever-
ages a dynamic architecture coordinated by a central
server. Each agent runs autonomously and commu-
nicates back to the server when their task is com-
pleted. The full assessment pipeline executes in ap-
proximately one minute on a MacBook Pro with an
Apple M3 Pro chipset. This computation efficiency
is especially noteworthy, as it enables deployment on
easily accessible consumer hardware, eliminating the
need for expensive cloud-based GPU infrastructure
or specialized computing resources, and thereby sup-
porting broader clinical adoption.

2.4. Embedding-based Few-shot Prompting

Our quantitative assessment first evaluated a zero-
shot prompting approach and then proposed an
embedding-based few-shot prompting approach to
further improve performance, as we hypothesized
that by providing real examples for reference, the
model prediction would be more grounded in reality.

2.4.1. DATA SPLITTING

We split 142 subjects with eight-item PHQ-8 scores
from the DAIC-WOZ database into training, valida-
tion, and test sets. The training set was used to
retrieve relevant evidence, the validation set to se-
lect hyperparameters, and the test set to evaluate
model performance. We stratified the data according
to PHQ-8 total scores and gender. We used a 41%
training (58 participants), 30% validation (43), and
29% test (41) split, which provided a fairly balanced
distribution (Appendix C).

2.4.2. FEW-SHOT PROMPTING WORKFLOW

In our few-shot workflow, we utilized pre-chunked and
pre-embedded transcripts from our training set as a
knowledge base to retrieve few-shot examples. We

utilized Qwen 3 8B Embedding to embed the tran-
script chunks. Each transcript in the training set
was segmented into chunks of Nepunk lines using a
sliding window with a step size of 2 lines. Gemma
3 27B was used to retrieve relevant evidence from
the given transcript for each PHQ-8 question using
direct prompting. Next, we concatenated all the re-
trieved evidence for a given question into a string and
embedded it with Qwen 3 8B Embedding. We then
compared that embedding to our pre-embedded tran-
scripts, via cosine similarity, and pulled the Nexample
most similar example chunks. For each chunk, we
identified its associated participant ID in the dataset
and attached its ground-truth PHQ-8 score. After
this process, we obtained a string of up to Nexample X8
reference chunks (Nexample for each PHQ-8 ques-
tion). That reference string and its corresponding
score were incorporated into the main quantitative
assessment prompt, which was then used to instruct
Gemma 3 27B to generate predictions. Hyperpa-
rameters were systematically evaluated, including the
chunk size Nepunk, the number of reference examples
Nexample, and the embedding dimension Ngimension-
Then, optimal values were selected based on the per-
formance of the validation set (Appendix D).

2.5. Prompt Design

Our prompt design emphasized objectivity, concise-
ness, and clinical interpretability (Luo et al., 2024).
Because the interviews were conversational and not
prestructured, we formatted the output using XML
tags and structured JSON/CSYV files to enhance read-
ability and interpretability. For each agent, we de-
signed both the system and user prompts. The sys-
tem prompt defined the model’s role as a psychiatrist
and the analysis principles, while the user prompt in-
cluded specific task instructions. The model was in-
structed to provide exact quotes and explanations for
its assessment or evaluation. For transcripts with in-
complete information, PHQ-8 scores that could not
be determined were recorded as “N/A”.

2.6. Single-Prompt Experiment

To evaluate the benefits of the multi-agent system
over a single-agent setup, we merged the qualitative,
quantitative, and meta-review prompts into a single
prompt, using only one API call to complete all three
tasks. The program took a transcript as input and
generated structured outputs corresponding to each
component.
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Figure 2: Qualitative evaluation scores before
and after the feedback loop on 142
participants. The box shows the quar-
tiles of the scores and the whiskers show
the rest of the distribution.

3. Results

3.1. Qualitative Assessment

We evaluated qualitative assessment outputs before
and after the feedback loop across four metrics—
specificity, completeness, coherence, and accuracy—
using a five-point Likert scale. As shown in Figure
2, the model without the feedback loop achieved the
highest score on coherence (mean + standard devia-
tion: 4.96 £ 0.20), implying its overall assessments
were logically consistent. Specificity (4.37 + 0.62)
and accuracy (4.33 £ 0.53) both achieved relatively
high average scores, implying the model tended to
avoid vague language and aligned with PHQ-8 crite-
ria. However, there were still several cases of vague
language and moderate alignment with PHQ-8 crite-
ria. Completeness scored the lowest (3.611+0.85), sug-
gesting the model occasionally omitted relevant de-
tails. After the feedback loop, all metrics showed im-
provement, with the completeness metric showing the
largest increase (3.72 £ 0.61). Coherence, specificity,
and accuracy slightly improved as well (5.00 & 0.00,
4.38 +0.58, and 4.36 + 0.48, respectively). Although
the feedback loop mechanism could not achieve per-
fect scores, possibly due to lack of mention for certain
symptoms in the interviews, it demonstrates the abil-
ity to consistently improve evaluation scores across all
proposed metrics.

To further examine clinical validity of the system,
we compared the evaluation scores between the LLM
judge and a human expert on our test set with 41
participants (Figure 3). LLM and human evaluations
showed high overall agreement: specificity and coher-
ence scores were comparable, whereas the LLM judge

Human Expert vs LLM Evaluation Scores

5 —O—a— m—f [z. a@D
4 -
3 @® Evaluator

[ Human Expert

2 B LLM (Gemma 3 27B)
©  Human Expert

1 © LLM (Gemma 3 27B)

Score

Specificity Completeness Coherence

Evaluation Metric

Accuracy

Figure 3: Qualitative evaluation scores be-
tween the human expert and the
LLM judge on the test set. The box
shows the quartiles of the scores and the
whiskers show the rest of the distribution.

tended to give slightly higher ratings for completeness
and accuracy, compared with the human judge.

3.2. Quantitative Assessment

We first identified optimal hyperparameters for the
embedding-based few-shot prompting according to
the performance of the validation set: Neyunk = 8,
Nexample = 2, Ndimension = 4096 (Appendix D). We
then confirmed that the embedded reference tran-
scripts formed severity-based clusters in the t-SNE vi-
sualization and that most retrieved and target chunks
showed consistent PHQ-8 scores (Appendix E). Next,
we conducted a quantitative assessment on our test
set with 41 subjects. Subjects without sufficient evi-
dence (determined by Gemma 3 27B) were excluded
from the assessment. With optimized hyperparame-
ters, Gemma 3 27B achieved an average MAE of 0.619
when predicting PHQ-8 scores, but in 50% of cases
it was unable to provide a prediction due to insuffi-
cient evidence (Figure 4). The distribution of avail-
able scores was not even: certain symptoms, such as
appetite, had few available scores, while others, such
as sleep quality, had available scores for nearly all
subjects. This reflects the variability in the content
of the interview, with some symptoms discussed more
frequently than others.

In comparing zero-shot and few-shot performance,
the few-shot strategy generally yielded slightly lower
MAE values, indicating that the incorporation of
reference examples improved prediction performance
(Figure 5). Using the optimal few-shot parameters,
the few-shot approach achieved an average MAE of
0.619 whereas the zero-shot approach achieved 0.796.
This represents an MAE reduction of 22% compared
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Figure 4: Confusion matrices showing PHQ-8
prediction performance with optimal
hyperparameters on the test set.

to the naive zero-shot implementation. However, for
symptoms such as poor appetite and moving slowly,
MAE performance was highly variable due to sub-
stantially fewer subjects with available scores.

In addition to Gemma 3 27B, we also evaluated its
variant fine-tuned on medical text, MedGemma 27B
(Sellergren et al., 2025). The few-shot approach with
MedGemma 27B achieved an improved average MAE
of 0.505 but detected fewer relevant chunks, making
fewer predictions overall (Appendix F).

3.3. Meta Review

The severity levels predicted by the meta-review
agent were largely consistent with the ground-truth
labels (Figure 6a). However, 6 subjects with minimal
symptoms were misclassified as having mild symp-
toms, implying the model may overinterpret the pres-

Zero-shot vs Few-shot Performance
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Figure 5: Bar graph comparing zero-shot and
few-shot performance on the test set.
Purple error bar shows standard error.

ence of individual symptoms. We also identified 13
false negative cases (in the lower triangle), possibly
due to incomplete coverage of symptoms during the
interviews. Since the interviews did not consistently
cover all eight PHQ-8 symptoms, the model may have
underestimated overall severity when provided with
only partial information.

As presented in Figure 6 and Table 1, when par-
ticipants were grouped by minimal and mild symp-
toms versus more severe symptoms, our agentic sys-
tem achieved an accuracy of 78% in this binary classi-
fication task, with a precision of 0.727, recall of 0.571,
and an F1 score of 0.640. In comparison, the human
evaluator achieved an accuracy of 78%, with a preci-
sion of 1.000, recall of 0.357, and an F1 score of 0.526.
The agentic system evaluation showed 80.5% agree-
ment with the human evaluation, although the sys-
tem tended to overestimate severity compared with
the human evaluator. Our system performed compa-
rable or slightly better than a human evaluator, de-
spite incomplete information in the transcripts. The
current evidence supports that the agentic system
can detect the relevant symptom information with
human-level accuracy.

3.4. Single-Prompt Experiment

To demonstrate the advantages of the multi-agent
system, we conducted a single-prompt experiment by
merging all assessment agents’ prompts into one uni-
fied prompt. The single-prompt approach failed to
generate severity scores for 38.3% of subjects in the
DAIC-WOZ test set but achieved comparable per-
formance for the remaining subjects. These results
suggest that shorter, role-specific prompts are more
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severity prediction performance on the test set.

(a) Agent performance. (b) Human performance. (¢) Human vs agent performance. Groupings
(other depressive disorder vs MDD) are highlighted in

Table 1: Symptom severity prediction performance on the test set.

Comparison Accuracy | Balanced Accuracy | Precision | Recall | F1 Score
Ground Truth vs Agent 0.780 0.730 0.727 0.571 0.640
Ground Truth vs Human 0.780 0.679 1.000 0.357 0.526

Human vs Agent 0.805 0.803 0.364 0.800 0.500

robust and reliable, highlighting the necessity of the
multi-agent framework (Appendix G).

4. Discussion

This work evaluates the ability of pretrained LLMs
in diagnosing depression through in-context learning
(ICL) and retrieval-augmented generation (RAG),
exploring their broader utility in psychiatric work-
flows. Our agentic system provided useful insights
on patients’ mental health conditions, demonstrating
significant potential for practical application. Com-
pared to similar work based on LLMs (Yang et al.,
2024), our system achieved comparable results with-
out the need for fine-tuning, suggesting that using
pretrained models with ICL and RAG offers a viable,
efficient alternative for mental disorder assessment.
Our system is intended to assist psychiatrists and
psychologists, rather than replace them. This distinc-
tion is crucial given the ethical concerns on the use
of LLMs in a sensitive area such as mental health.
LLMs are inherently built to be probabilistic, which
can be a strength in many aspects (Brown et al.,
2020), but within this field, there is a precedent for

misuse due to their inability to give genuine clinical
judgment (Yang et al., 2024). Despite these risks, the
growing demand for simple, non-invasive solutions to
mental health problems (Stoll et al., 2020) has driven
the rise of direct-to-consumer products. Applications
such as Abby (abby.gg), Earkick (earkick.com),
and Ash (talktoash.com) openly market themselves
as Al therapists, yet the known limitations inher-
ent to Al systems raise concerns regarding potential
unintended user impact. Multiple states including
Texas (Texas Attorney General Office, 2025), Califor-
nia (California Legislative Office, 2025), and Pennsyl-
vania (Pennsylvania General Assembly Office, 2025)
have recently initiated preventive legislation. How-
ever, demand for Al therapy applications will likely
continue to exist, and further investigations into eth-
ical safeguards are key to minimize potential harm.

With that in mind, the proposed system is designed
as a clinical decision support tool to aid mental health
professionals. It generates organized summaries of in-
terview data aligned with standardized PHQ-8 defi-
nitions, flags ambiguous or high-risk cases for profes-
sional evaluation, provides explanations for its con-
clusions, and detects insufficient evidence without ex-
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trapolation, which could offer real-time suggestions
to the interviewer. These outputs can support psy-
chiatrists and psychologists by complementing man-
ual note-taking, improving inter-rater agreement, and
providing an auxiliary perspective during case con-
sultations or primary-care screenings. Such assis-
tive technologies are particularly valuable in resource-
limited or high-throughput clinical settings. Addi-
tionally, the system output may offer experts insights
to inform further evaluation or decision-making.

In terms of deployment, the proposed system has
modest computational overhead and short latency.
Running the whole pipeline, including data load-
ing, qualitative evaluation, quantitative scoring, and
meta-review generation on a MacBook Pro with an
Apple M3 Pro processor took approximately one
minute to compile a report. This efficiency, achieved
without the need for dedicated GPUs or specialized
hardware, demonstrates the practicality and cost-
effectiveness of the framework, allowing for rapid as-
sessments on widely available consumer devices and
supporting broader clinical and research use.

The stochastic nature of LLMs renders a key lim-
itation of the proposed approach. Even with fairly
deterministic parameters, responses can vary across
runs, making it challenging to obtain consistent per-
formance metrics. In addition, the relatively small
size of fully-labeled participants in the DAIC-WQOZ
database (N = 142) limited the scope of our evalua-
tion. While our quantitative analysis focused on pre-
dicting the eight-item PHQ-8 scores, several items
were rarely discussed in interviews (see available
scores in Figure 4), which limited the number of valid
predictions and increased the variability in evalua-
tion metrics. The upper bounds of the feedback loop
evaluation (Figure 2) and the meta-review perfor-
mance (Figure 6) likely reflect the same data lim-
itation. Moreover, PHQ-8 scores are derived from
the reported frequency of symptoms, but some par-
ticipants did not explicitly describe the frequency or
duration of symptoms (for example, “it depends” or
“it is never easy” ), making it difficult for the LLM to
infer the correct score.

Beyond depression measurement, the proposed
framework is condition-agnostic and can, in principle,
be extended to other mental disorders that use struc-
tured interviews and standardized diagnostic ques-
tionnaires. The modular design allows adaptation
to new contexts by replacing the PHQ-8 reference
framework with relevant diagnostic constructs—such
as the Generalized Anxiety Disorder-7 (GAD-7) for

anxiety (Spitzer et al., 2006), the Young Mania Rat-
ing Scale (YMRS) for mania (Young et al., 1978), or
the Positive and Negative Syndrome Scale (PANSS)
for schizophrenia (Kay et al., 1987). Adapting the
framework requires (1) assembling representative in-
terview corpora for the target condition, (2) adjust-
ing the assessment agents to align with the corre-
sponding diagnostic criteria, and (3) incorporating
expert-in-the-loop validation to ensure accuracy, in-
terpretability, and fairness across populations and
settings. Key challenges include domain-specific lan-
guage variations, limited availability of high-quality
labeled data for certain conditions, and heterogeneity
in interview styles across sites. Addressing these is-
sues will be essential to ensure generalizability of the
system in future clinical applications.

Future improvements could include expanding the
knowledge base with the extended DAIC dataset
(Ringeval et al., 2019), evaluating the system on other
mental disorders and assessment measures, and in-
corporating additional data modalities, such as audio
recordings or brain imaging.

5. Conclusion

This study demonstrates that LLMs can serve as use-
ful tools for depression assessment. Our agentic sys-
tem, while not offering an objective measure of truth,
provides an interpretable view into a patient’s mental
state. Leveraging iterative refinement and retrieval-
augmented generation, our system is highly flexible,
generalizable, and adaptable to various model sizes
and different use cases. Practically, our system can
provide additional perspectives for practitioners and
serve as educational resources for junior psychiatrists.
With fine-tuning, larger datasets, and multimodal in-
puts, our system is likely to become an even more
powerful clinical decision support tool, thereby en-
hancing patient care in this age of Al
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Appendix A. Related Work

The intersection between artificial intelligence and
mental health assessment has evolved significantly
over the past decade, with computational approaches
to depression detection advancing from hand-crafted
features to sophisticated computational architec-
tures. This section examines four key areas of devel-
opment in this field: the progression of deep learning
methods, the emergence of large language models, the
evolution of agentic systems, and the application of
in-context learning techniques. Together, these ap-
proaches work to form the current landscape of Al-
driven mental health assessment.

A.1. Deep Learning for Depression
Assessment

Even before the rise of large language models, compu-
tational methods were used for mental health assess-
ment. Cohn et al. (2009) demonstrated that by an-
alyzing facial actions and vocal prosody in patients,
depression could be detected accurately 79% of the
time. Automatic Depression Detection (ADD) sys-
tems like Cohn’s often relied on hand-crafted features
such as Local Binary Patterns (LBP) (Shan et al.,
2009), Local Phase Quantization from Three Orthog-
onal Planes (LPQ-TOP) (Wen et al., 2015), and Lo-
cal Binary Patterns from Three Orthogonal Planes
(LBP-TOP) (Zhao and Pietikainen, 2007). Although
these methods were reasonably effective, they re-
quired substantial effort, domain-specific knowledge,
subjective assumptions for feature extraction, and
they were unable to capture all relevant patterns
from their data (He et al., 2022). More recent ad-
vances within ADD have allowed for a shift away
from hand-crafted subjective assessment and towards
more computational approaches. For example, the
DepAudioNet model combined Convolutional Neu-
ral Networks (CNN) and Long Short-Term Memory
(LSTM) to encode depression-related characteristics
from audio data. Via these methods, DepAudioNet
achieved an average F1 score of 0.61, which was a sig-
nificant improvement over the baseline of 0.496 aver-
age F1 score (Ma et al., 2016). Deep learning pre-
diction methods have continued to advance to such a
point where near perfect accuracy has been achieved.
More recently, one such method achieved an aver-
age F1 score of 0.98 by utilizing Long-Short Term
Memory (LSTM) with a Recurrent Neural Network
(RNN) (Amanat et al., 2022). Due to achieving such
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accuracy, the focus has shifted toward clarity and ex-
plainability (Tahir et al., 2025).

A.2. Large Language Models for Mental
Health Assessment

Although deep learning models have proven to be
very accurate, they lack the interpretability that
would make their predictions practical. However, in-
terpretability is where large language models (LLMs)
shine. LLM based conversational agents, like Replika,
are designed to act like a companion, with one of its
main use-cases being aiding mental well being. Dur-
ing the COVID pandemic, Pentina et al. (2023) con-
ducted a study asking active Replika users if Replika
improved their mental well-being. An overwhelm-
ing majority agreed; many stated Replika acted as
their support system, friend, or even romantic part-
ner. Within the behavioral health field, the usage
is not as broad, but LLMs are occasionally used by
counselors to improve how they express empathy, or
by therapists to identify client behaviors (Stade et al.,
2024). Studies have experimented with the use of
LLMs to directly predict depression, such as a study
by (Alhamed et al., 2024) who found that traditional
chatbots such as GPT-3 and Google Bard performed
very poorly in depression classification, achieving F1
scores of 0.32 and 0.36 respectively. Some chat-based
LLM’s have been fine-tuned to work better for clas-
sification of depression. For example, MentaLLaMA,
which used a large custom dataset with a non-agentic
approach, achieved an F1 score of 0.71 across its test-
ing categories (Yang et al., 2024).

A.3. Multi-Agent Systems for Medical
Diagnosis and Assessment

Agentic systems for medical diagnosis and assessment
have evolved substantially, progressing from single-
agent Model-Based Diagnosis (MBD) to modern
multi-agent systems powered by LLMs. Early diag-
nostic systems typically employed a single agent that
modeled the entire system under analysis, often us-
ing MBD techniques (Roos et al., 2002). Subsequent
advancements introduced probabilistic reasoning sys-
tems through Bayesian Networks, which provided
a mathematically principled framework that aligned
more closely with physicians’ reasoning processes and
yielded more clinically useful outputs (Vicari et al.,
2003). Notable examples include Pathfinder for lym-
phatic disease diagnosis (Heckerman et al., 1992) and
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MUNIN for muscle and nerve disorders (Andreassen
et al., 1996).

Despite their utility, single-agent systems were lim-
ited in handling the complexity and variability of
real-world medical scenarios. This led to the develop-
ment of Multi-Agent Systems (MAS) and Distributed
Artificial Intelligence (DAI) techniques (Roos et al.,
2002). Recent LLM-based agentic systems represent
anew generation of MAS, in which the LLM functions
as a central reasoning module, employing strategies
such as chain-of-thought reasoning and reflection to
enhance performance. These systems typically com-
prise perception modules for multimodal input pro-
cessing, memory modules for long-term information
retention, and action modules for task execution (Qiu
et al., 2024). A prominent example is Agent Hospital
(Liet al., 2024), a comprehensive virtual environment
that leverages MAS to assist clinicians in patient di-
agnosis. It employs Simulacrum-based Evolutionary
Agent Learning (SEAL) to emulate specialized medi-
cal professionals, such as nurses and physicians. The
system demonstrated high clinical accuracy, achiev-
ing 95.31% for diagnosis and 98.76% for medical ex-
amination selection.

A.4. In-Context Learning

In-context learning (ICL) has recently emerged as a
significant strength of LLMs, enabling them to learn
from examples provided in prompt context (Dong
et al., 2022). Unlike traditional supervised learn-
ing, ICL does not require parameter updates, allow-
ing for training-free knowledge incorporation (Brown
et al., 2020). Techniques like Chain-of-Thought
(CoT) prompting use ICL by having an LLM provide
a step-by-step answer. This can result in significant
improvements in tasks such as arithmetic and sym-
bolic reasoning (Wei et al., 2022; Kojima et al., 2022).
In the context of mental health, the incorporation of
therapist questions into the LLMs prompt, instead of
only patient responses, has been shown to enhance
performance (Chen et al., 2024); however, these im-
provements may be due to an underlying bias within
the therapist’s questions (Burdisso et al., 2024).

Appendix B. Qualitative Evaluation
Metrics

We defined four metrics to evaluate the qualitative
assessment as follows:

e Specificity: Is the assessment specific? Mis-
takes include using vague or generic statements
such as “the patient seems depressed”.

e Completeness: Does the assessment cover
all  relevant symptoms, severities, dura-
tion/frequency? Mistakes are missed PHQ-8
symptoms, or duration/frequency details.

e Coherence: Is the response logically consis-
tent? Mistakes are logically inconsistent state-
ments or contradictions within the assessment.

e Accuracy: Are the signs/symptoms aligned
with DSM-5 or PHQ-8? Mistakes are incorrect
symptoms or incorrect duration/frequency.

Next, we mapped the number of mistakes to an
integer value ranging from 1 to 5 for each metric:

Score of 5: 0 mistake.

Score of 4: 1 to 2 mistakes.

Score of 3: 3 to 4 mistakes.

Score of 2: 5 to 6 mistakes.

Score of 1: 7 or more mistakes.

Appendix C. Data Splitting

We stratified 142 subjects from the DAIC-WOZ
training and development sets into training, vali-
dation, and test sets based on PHQ-8 total scores
and gender information. Due to the relatively small
size and imbalanced distribution (only 22/142 partici-
pants in the 13+ total score range) of the dataset, we
implemented automatic parsing for instances where
there were two or one participants for a given PHQ-8
total score. For PHQ-8 total scores with two partic-
ipants, we put one in the validation set and one in
the test set. For PHQ-8 total scores with one partici-
pant, we put that one participant in the training set.
This way, we prevented certain sets from missing pa-
tients within the higher PHQ-8 total score range, as
we noted there were substantially less subjects with
higher reported total scores.

Figure A1l shows the distributions of gender and
PHQ-8 scores across the training, validation, and test
sets. The distributions across the three sets were ap-
proximately balanced, ensuring representative anal-
yses for information retrieval, hyperparameter opti-
mization, and model evaluation.
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Figure Al: Gender and PHQ-8 total score dis-
tributions across training, valida-
tion, and test sets.

Appendix D. Hyperparameter
Optimization

We evaluated three hyperparameters: chunk size,
number of reference examples, and embedding dimen-
sion. We built transcript chunks on a line-by-line
basis, testing chunk sizes of 4, 6, and 8. We also
determined how many reference examples would be
pulled per question for use in the quantitative anal-
ysis prompt, including example numbers of 1, 2, and
3. Lastly, we evaluated embedding dimensions of 64,
256, 1024, and 4096.

For each of the nine combinations of chunk sizes
and reference examples, we repeated the experiment
on the validation set three times and averaged the
results to mitigate variability. The two combinations
with the lowest MAEs were then selected for evalua-
tion on the test set. For each optimal combination,
we performed one experiment with each of four em-
bedding dimension options.

As shown in Figure A2, the combination of a chunk
size of 8 and 2 reference examples yielded the lowest
average MAE (0.554) on the validation set and was
therefore selected as the optimal hyperparameter set-
ting. A chunk size of 4 with 3 reference examples
also demonstrated competitive performance (MAE:
0.564). However, the lowest average number of N/A
predictions was achieved with a chunk size of 6 and
1 reference example. Based on these results, we used
a chunk size of 8 with 2 reference examples for all
subsequent experiments.

Figure A3 shows a more straightforward pattern,
with higher dimensions generally yielding more accu-
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Figure A2: Confusion matrices showing average
hyperparameter performance over 3
runs on the validation set.
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Figure A3: Confusion matrices showing embed-
ding dimension performance on the
validation set.

rate results. The optimal embedding dimension for
Qwen 3 8B Embedding was 4096.

Appendix E. Retrieval Statistics with
Gemma 3 27B

We used t-distributed stochastic neighbor embed-
ding (t-SNE) to project the embeddings of transcript
chunks in the training set (knowledge base) into a
two-dimensional latent space. In the t-SNE graph,
shown in Figure A4, the medians of the group without
significant depressive symptoms and the group with
mild symptoms remained close, whereas the medians
of the groups with more severe symptoms were more
dispersed. This may reflect the inherent heterogene-
ity of depression and variations in how individuals
describe their experiences. For instance, one partici-
pant may experience depression following the loss of
a family member, while another may experience it
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t-SNE Embedding Visualization by PHQ-8 Severit

Depression Severity
Minimal (PHQ-8: 0-4)
Mild (PHQ-8: 5-9)
Moderate (PHQ-8: 10-14)

.

Mod-Severe (PHQ-8: 15-19)
Severe (PHQ-8: 20-24)

Figure A4: t-SNE projection of training tran-
script embeddings, colored by
severity. The star shows the median of

each severity group. Nepunk = 8.

after losing a job. Both cases were labeled as severe
depression, yet their textual embeddings may be far
apart in the latent space.

Meanwhile, each bar on the histogram shown in
Figure A5 represents the proportion of retrieved em-
beddings yielding a certain PHQ-8 symptom error
level relative to the true score of the subject being
evaluated. These absolute error values compared a
ground-truth PHQ-8 symptom score from the tran-
script being analyzed to the one from the transcript
a given chunk came from (according to the PHQ-
8 symptom). For example, if a chunk retrieved for
PHQ-8-Sleep comes from a participant with a PHQ-
8-Sleep score of 2 and the transcript being analyzed
has a ground-truth PHQ-8-Sleep score of 1, then the
absolute error would be |Error| = |2 — 1| = 1.

From these histograms, we observed that for 6 out
of the 7 symptoms with relevant chunks retrieved,
most chunks had an absolute error of 0 (depressed:
48%; sleep: 41%; tired: 36%; failure: 51%; con-
centrating: 38%; moving: 68%)—indicating strong
PHQ-8 score agreement between the retrieved and
target chunks in subjects for which predictions were
made.

Additionally, we noted that PHQ-8-Appetite had
no successfully retrieved reference chunks during in-
ference. Upon closer inspection, Gemma 3 27B did
not identify any evidence related to appetite issues in
the available transcripts, resulting in no reference for
that symptom.

Retrieval Error Across PHQ-8 Symptoms
(Percentage of Retrieved Chunks by Absolute Error Level)

g

Absolute Error

I

g

g

Percentage of Retrieved Chunks (%)
EEEE

g g

Nolnterest. Depressed Sieep
(n=44) (n=42) (n=46)

Tire:
(n=42)
PHQ-8 Symptoms.

Figure A5: Histogram of training transcript
embeddings, colored by absolute re-
trieval error. The symptom of appetite
is missing because it was not discussed in
the interviews.

Appendix F. MedGemma Results

We evaluated MedGemma 27B with the same optimal
hyperparameters determined for Gemma 3 27B and
continued to use Qwen 3 8B Embedding for few-shot
embeddings. As shown in Figure A6, MedGemma
27B had an edge over Gemma 3 27B in most cat-
egories overall, achieving an average MAE of 0.505,
18% less than Gemma 3 27B, although the number of
subjects detected as having available evidence from
the transcripts was smaller with MedGemma. Fig-
ure A7 further shows MedGemma 27B performance
on subjects with detected evidence exceeds Gemma 3
27B performance in most individual categories. Note
that for the same transcript, different models may or
may not detect evidence, leading to different number
of available scores, i.e., number of subjects for which
the model was able to make a prediction.

Appendix G. Single-Prompt
Experiment

We merged the prompts of the three agents (qualita-
tive assessment, quantitative assessment, and meta-
review agents) into a single prompt, and compared
the single-prompt approach with our multi-agent sys-
tem. With the single-prompt approach, the LLM
struggled to follow instructions in the longer context—
failing to output severity scores for 18 of the 47 sub-
jects in the DAIC-WOZ test set. Among the remain-
ing subjects with valid predictions, the single-prompt
approach achieved comparable results to the multi-
agent system (accuracy: 0.793, precision: 0.625, re-
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Figure A6: MedGemma 27B confusion matri-
ces showing PHQ-8 prediction per-
formance with optimal hyperpa-
rameters on the test set.
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Gemma 3 vs MedGemma: Zero-shot vs Few-shot Performance
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Figure A7: MedGemma 27B bar graph com-
paring zero-shot and few-shot per-
formance on the test set. Gray error
bar shows standard error.

call: 0.625, F1 score: 0.625). However, 38.3% of
subjects lacked valid predictions, limiting its applica-
bility in real-world settings. These findings suggest
that shorter, specialized prompts assigned to specific
agents are more robust and reliable, underscoring the
necessity of the multi-agent framework.
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