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Abstract

Depression is a widespread mental disorder that affects mil-
lions worldwide. While automated depression assessment
shows promise, most studies rely on limited or non-clinically
validated data, and often prioritize complex model design
over real-world effectiveness. In this paper, we aim to un-
veil the landscape of clinical depression assessment. We in-
troduce C-MIND, a clinical multimodal neuropsychiatric di-
agnosis dataset collected over two years from real hospital
visits. Each participant completes three structured psychi-
atric tasks and receives a final diagnosis from expert clin-
icians, with informative audio, video, transcript, and func-
tional near-infrared spectroscopy (fNIRS) signals recorded.
Using C-MIND, we first analyze behavioral signatures rel-
evant to diagnosis. We train a range of classical models to
quantify how different tasks and modalities contribute to di-
agnostic performance, and dissect the effectiveness of their
combinations. We then explore whether LLMs can perform
psychiatric reasoning like clinicians and identify their clear
limitations in realistic clinical settings. In response, we pro-
pose to guide the reasoning process with clinical expertise
and consistently improve LLM diagnostic performance by up
to 10% in Macro-F1 score. We aim to build an infrastructure
for clinical depression assessment from both data and algo-
rithmic perspectives, enabling C-MIND to facilitate grounded
and reliable research for mental healthcare.

1 Introduction
Depression is a widespread and serious mental disorder
that places a heavy burden on individuals and public health
systems worldwide. While automated assessment shows
promise for offering objective and scalable support, its real-
world clinical utility remains limited due to a lack of clin-
ically grounded data (Cummins et al. 2015; Sarsam et al.
2024). Most widely used datasets rely on self-reported ques-
tionnaires rather than diagnoses made by trained clinicians
(Gratch et al. 2014; Tadesse et al. 2019). Even the few pi-
oneering studies that include clinical diagnoses often suffer
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Figure 1: C-MIND integrates multimodal recordings from
psychiatric tasks with clinical diagnosis.

from small sample sizes (< 30 patients) and limited behav-
ioral tasks or modalities (Cai et al. 2022; Zou et al. 2022).
These constraints lead many studies to focus on sophisti-
cated model design in controlled settings instead of address-
ing the full complexity of real clinical data. As a result, a
clear picture of what effective automated clinical depression
assessment entails has yet to emerge (Sarsam et al. 2024).

In this paper, we aim to unveil this landscape through a
three-pronged investigation: 1) establishing a new, clinically
grounded data foundation, 2) analyzing the core behavioral
signatures, and 3) advancing clinically guided psychiatric
reasoning for diagnosis. First, we introduce C-MIND: the
Clinical Multimodal Neuropsychiatric Diagnosis dataset.
Over a two-year period, we build this dataset from a real hos-
pital setting. It comprises 169 participants who each com-
plete three distinct psychiatric tasks, including Interview
(Gratch et al. 2014), Picture Description (Ramponi et al.
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Figure 2: C-MIND collection pipeline, outlining participant recruitment, assessment protocol, and data acquisition.

2010a), and Verbal Fluency (Fossati et al. 2003b). We cap-
ture four synchronized modalities (Audio, Video, Transcript,
and fNIRS (Cui et al. 2011)) for each session. Crucially,
every participant receives a face-to-face diagnostic inter-
view with senior psychiatrists, whose final clinical diagno-
sis, made according to DSM-5 (American Psychiatric As-
sociation 2013) criteria, serves as the gold-standard ground
truth. The dataset is further enriched with detailed medical
records and a battery of eight psychometric questionnaires.
C-MIND’s scale, clinical grounding, and richness in tasks
and modalities far exceed previously available resources.

Leveraging C-MIND, we conduct an in-depth analysis
of behavioral signatures, defined as observable patterns in
speech, facial expression, and neural activity indicative of
depressive states. We train a range of modeling backbones
to systematically quantify the diagnostic value of different
tasks and modalities, revealing that audio and video are the
most informative, while the picture description task best
elicits depressive markers. Fusing modalities or tasks fur-
ther enhances performance and robustness, providing clear
empirical guidance for designing future assessment systems.

Beyond analyzing predictive signals, we explore whether
Large Language Models (LLMs) perform psychiatric rea-
soning. We evaluate seven top-tier text and multimodal
LLMs and find clear limitations in their ability to han-
dle real-world clinical data. In response, we propose a
novel method that guides the LLM’s reasoning process us-
ing structured clinical expertise. This approach significantly
boosts diagnostic performance by up to 10% in Macro-F1
score, demonstrating a promising direction for developing
clinically informed computational models.

Our main contributions can be summarized as follows:
• We introduce C-MIND, a clinically validated depression

diagnosis dataset with rich tasks and modalities.
• We provide a comprehensive analysis of behavioral signa-

tures, offering clear, data-driven insights into the discrim-
inative power of different tasks and modalities.

• We demonstrate the limitations of LLMs in clinical
assessment and propose a novel psychiatric reasoning
mechanism that significantly boosts performance.

We believe this work builds a critical infrastructure for
the field and provides a blueprint for developing computa-
tional systems that are not only effective, but also clinically
grounded and trustworthy.

2 C-MIND Collection
To ensure ecological validity, data quality, and clinical re-
liability of C-MIND, we follow a comprehensive collection
protocol. Below, we describe participant recruitment, assess-
ment procedures, and data acquisition in detail.

2.1 Participant Recruitment and Demographics
We recruited participants from December 2022 to April
2025 at the psychiatric department of Yuquan Hospital, Ts-
inghua University. Recruitment was conducted through in-
ternal announcements. Volunteers who met the inclusion cri-
teria and were evaluated by a chief psychiatrist together with
an associate chief psychiatrist according to DSM-5 (Ameri-
can Psychiatric Association 2013) were invited to participate
after providing written informed consent.

Statistic Depression Control Total

Subject 86 83 169
Gender (M/F %) 36.05 / 63.95 44.58 / 55.42 40.34 / 59.66
Age (Mean ± SD) 33.49 ± 16.47 32.47 ± 10.90 32.99 ± 13.98
Duration (s) 171.84 125.01 152.16
Word Count 392 519 445

Table 1: Detailed statistics of C-MIND.

All procedures receive full approval from the university’s
Institutional Review Board (IRB), and strict measures are
in place to protect participant confidentiality. The final co-
hort consists of 169 participants, including 86 individuals
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Availability Dataset Language Subj. (MDD/HC) Tasks Modalities Ground Truth Labels

No

Oizys (Lin et al. 2022) Chinese 103 (56/47) READ A C.D., HAMD-17
Guo et al. (2021) Chinese 208 (104/104) INT, READ, PDT A, V PHQ-9, BDI
Liu et al. (2021) Chinese 50 (25/25) INT A BDI
DEPAC (Tasnim et al. 2022) English 552 (134/418) VFT, PDT, READ A PHQ-9, GAD-7

Yes
(w/o C.D.)

DAIC-WOZ (Gratch et al. 2014) English 142 (42/100) INT A, V, T PHQ-8
EATD (Shen et al. 2022) Chinese 162 (30/132) INT A, T SDS

Yes
(with C.D.)

MODMA (Cai et al. 2022) Chinese 53 (24/29) INT, READ, PDT A, EEG C.D., PHQ-9
CMDC (Zou et al. 2022) Chinese 78 (26/52) INT A, V, T C.D.−, HAMD-17, PHQ-9
C-MIND (Ours) Chinese 169 (86/83) INT, PDT, VFT A, V, T, fNIRS C.D.+, 8 Questionnaires

Table 2: Comparison of depression datasets. C.D.=Clinical Diagnosis, INT=Interview, PDT=Picture Description, VFT=Verbal
Fluency, READ=Reading, A=Audio, V=Video, T=Transcript, fNIRS=functional near-infrared spectroscopy. “C.D.−” means
the control group is not confirmed by clinical diagnosis. “C.D.+” means our C-MIND further provides detailed medical records.

diagnosed with Major Depressive Disorder (MDD) and 83
healthy controls (HC). Table 1 presents detailed statistics of
the C-MIND cohort, including group size, gender distribu-
tion, age, average speech duration, and word count.

2.2 Assessment Protocol
The assessment protocol for each participant includes two
main parts: a formal face-to-face clinical diagnosis (used to
obtain clinically validated labels), and a series of psychi-
atric tasks (used to collect rich multimodal behavioral signa-
tures). Due to space constraints, we provide detailed exper-
imental materials, guidelines, and procedures in the Techni-
cal Appendix.

Clinical Diagnosis Participants are interviewed by a clin-
ical team comprising a chief and an associate chief psy-
chiatrist, each with over ten years of experience. The team
conducts a face-to-face diagnostic interview and makes a
high-confidence diagnosis based on DSM-5 criteria. A de-
tailed medical record is maintained for each participant.
Participants also complete a battery of eight psychome-
tric questionnaires, including: HAMD (Hamilton 1960),
HAMA (Hamilton 1959), SDS (Zung 1965), SAS (Zung
1971), PSQI (Buysse et al. 1989), 16PF (Cattell, Eber,
and Tatsuoka 1970), SCL-90 (Derogatis 1977), and HCL-
32 (Angst et al. 2005). These instruments assess depressive
symptoms, anxiety, sleep quality, and personality traits. In
this study, we use only the clinical diagnosis as the ground-
truth label; questionnaire data are reserved for future work.

Psychiatric Tasks All tasks take place in a quiet, con-
trolled laboratory with ambient noise below 60dB. Partici-
pants sit in front of a monitor displaying instructions and are
asked to remain seated, minimize movement, and maintain a
fixed distance from the microphone (approx. 20 cm). We de-
sign three structured tasks that elicit cognitive and emotional
markers of depression:
• Interview Task (INT): Participants speak for 45 seconds

in response to autobiographical prompts. This task elicits
emotional expression and narrative patterns indicative of
depression (e.g., negative sentiment, frequent first-person
use) (Rinaldi, Tree, and Chaturvedi 2020). Prompts in-

clude: “something that made you angry,” “a meaningful
event,” and “your favorite food.”

• Picture Description Task (PDT): Participants describe a
given image for 45 seconds. This task captures visual in-
terpretation and emotional valence. Depressed individuals
may show negative bias or limited detail (Ramponi et al.
2010b). Images include: “a cat,” “a car accident,” and “a
spaceship.”

• Verbal Fluency Task (VFT): Participants list items in a
semantic category (e.g., “fruits”) within 40 seconds. This
evaluates semantic memory and executive function, which
are often impaired in depression (Akiyama et al. 2018;
Fossati et al. 2003b). Categories include: “four-legged an-
imals,” “fruits,” “cities,” and “vegetables.”
In total, each participant completes ten tests across the

three tasks. We record four synchronized modalities dur-
ing the psychiatric tasks. We use a studio microphone to
capture high-quality audio (44.1kHz, 24-bit, WAV). A cam-
era records video (640x480, 30fps), and a functional near-
infrared spectroscopy (fNIRS) device measures blood oxy-
genation changes in the prefrontal cortex. Each of the 10
tasks is recorded separately in audio. Using timestamps, we
segment the continuous video and fNIRS recordings to align
all modalities. Transcripts are generated using a commercial
speech recognition system and are manually proofread by
human annotators to ensure accuracy.

2.3 Comparison with Existing Datasets
To situate C-MIND within the current research landscape,
we compare it with other depression datasets collected in
controlled environments, while excluding those based on so-
cial media data (Yoon et al. 2022).

As summarized in Table 2, many existing datasets (e.g.,
DAIC-WOZ (Gratch et al. 2014)) rely on self-report in-
struments like PHQ-8 and lack clinical validation. While
MODMA (Cai et al. 2022) and CMDC (Zou et al. 2022)
include clinical diagnoses, they have smaller sample sizes
(53/78 participants with only 24/26 patients, respectively),
limited tasks, and fewer modalities.

In contrast, C-MIND goes far beyond existing resources
in every aspect: it offers a larger and balanced sample
size, more diverse psychiatric tasks (INT, PDT, VFT),

1750



Behavioral Signatures Modeling Psychiatric Reasoning with LLMs

INT VFTPDT

TranscriptVideoAudio fNIRS

Manuals 

Experience

Guidelines

RQ1b

Modalities

Tasks

Performance of Tasks & 
Modalities Combinations

RQ1a
Importance of Behavioral 
Tasks & Modalities 

Control

Depressed

RQ2a
LLMs Performance 
on Clinical Diagnosis

RQ2b
Improve LLMs via 
Expertise Guidance

Knowledge Exemplars

Figure 3: Overview of the two-part research methodology, addressing: 1) the diagnostic value of behavioral signatures (RQ1)
and 2) the performance and enhancement of psychiatric reasoning in LLMs (RQ2).

richer modalities (Audio, Video, Text, fNIRS), expert-
verified clinical diagnoses, and comprehensive psychomet-
ric data—making it a uniquely comprehensive and clinically
grounded benchmark for depression research.

3 Methodology
As shown in Figure 3, we design a two-part methodological
framework to uncover the mechanisms of clinical depres-
sion assessment: 1) modeling behavioral signatures across
tasks and modalities, and 2) simulating psychiatric reason-
ing through guided LLMs. Due to space limitations, we
present only core formulations here; details of models and
prompts can be found in Technical Appendix.

3.1 Behavioral Signature Modeling
We define behavioral signatures as the informational cues
derived from different psychiatric tasks and data modalities.
To quantify the diagnostic relevance of different behavioral
cues, we follow a structured modeling pipeline. First, we
extract feature representations from four modalities (audio,
video, text, fNIRS) for each psychiatric task. Then, we train
learning models to predict depression status based on fea-
ture sets. By evaluating each task-modality combination and
their fusions, we aim to uncover which behavioral signatures
most robustly reflect clinical diagnoses. The entire process is
designed to simulate and analyze how observable behaviors
align with psychiatric assessment.

Feature Representations We extract two feature sets
from four synchronized modalities: audio, video, transcript,
and fNIRS. 1) Classical Feature Set. We apply stan-
dard feature extraction pipelines. Audio signals are en-
coded using OpenSmile’s eGeMAPS (88 dimensions), while
video-based facial behavior is represented using OpenFace
(4,963 dimensions), including action units, gaze, and head
pose. Textual transcripts are embedded using DeBERTa. For
fNIRS, statistical features are computed from 45 optical
channels, resulting in a 630-dimensional vector. 2) Foun-
dation Model Feature Set. We also extract semantic-level
embeddings using pretrained foundation models: Qwen2-
Audio-7B (Chu et al. 2023) for audio, Qwen2.5-VL-72B for
video (Bai et al. 2025), and Qwen3-235B-A22B for tran-
script (Yang et al. 2025). Each modality is segmented by

task, encoded through the model’s final hidden layer, and
globally max-pooled over time to yield fixed-length vectors
(4096 dimensions for audio and transcript, 8192 for video).
fNIRS remains represented by classical statistics due to the
absence of public pretrained encoders.

Task & Modality Modeling We denote the task set as
T = {INT, PDT,VFT} and the modality set as M =
{Audio,Video,Transcript, fNIRS}. For each subject i, let
X

(i)
m,t represent the features from modality m and task t. We

train a classifier to map them to the clinical label:

fθ : X
(i)
m,t → y(i), y(i) ∈ {0, 1}

This allows us to quantify the diagnostic value of each
task-modality pair. To further explore whether aggregat-
ing behavioral evidence enhances performance, we conduct
two types of fusion experiments. In task fusion, we fix the
modality and concatenate features across all tasks: X(i)

fused =

Concat(X(i)
m,t1 , . . . , X

(i)
m,tk

) for every m ∈ M. This setup
allows us to assess whether different task designs provide
complementary cognitive and affective signals. In modality
fusion, we fix the task set and concatenate features across all
modalities: X(i)

fused = Concat(X(i)
m1,t, . . . , X

(i)
mk,t

) for every
t ∈ T , followed by aggregation across tasks. This setting
evaluates how multimodal observations enhance detection
when applied consistently across structured clinical tasks. In
both settings, the fused representation is passed to the same
predictive function fθ for classification.

3.2 Psychiatric Reasoning with LLMs
We examine whether LLMs can emulate clinician-like diag-
nostic reasoning based solely on transcripts (for text LLMs)
or multimodal signals (for MLLM) from three structured
psychiatric tasks: interview, picture description, and verbal
fluency, spanning a total of ten tests (T1–T10). Each sub-
ject’s signals are concatenated into a single prompt, and the
LLM is tasked with predicting a binary diagnostic label.

We compare three reasoning strategies. 1) Direct Pre-
diction asks the model to infer the diagnosis directly from
the input without any explanation. 2) Vanilla Reasoning
encourages the model to engage in free-form, step-by-step
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Modality Feature Set Interview (INT) Picture Description (PDT) Verbal Fluency (VFT)
LSTM CNN MLP k-NN RF SVM LSTM CNN MLP k-NN RF SVM LSTM CNN MLP k-NN RF SVM

Audio (A) OpenSmile 72.15 84.25 82.31 85.18 91.17 91.11 69.49 88.24 81.21 94.10 88.24 85.18 70.90 84.28 79.39 76.14 88.24 82.29
Qwen-Audio 72.57 78.41 58.39 55.54 69.26 76.39 74.07 71.54 67.58 69.64 72.47 79.39 76.93 82.33 61.63 78.96 76.43 76.39

Video (V) OpenFace 70.41 71.47 69.00 72.94 72.40 73.32 72.25 75.46 65.42 69.64 74.49 64.58 74.64 74.49 69.54 69.64 75.43 64.71
Qwen-VL 79.97 83.31 76.92 85.28 84.28 85.28 79.91 86.27 80.32 88.24 83.29 85.28 78.73 84.25 74.26 67.39 81.28 85.28

Transcript (T) DeBERTa 60.93 64.33 51.92 46.32 58.02 52.28 66.36 62.16 48.54 55.54 52.87 51.43 57.83 56.54 56.37 62.64 56.44 55.84
Qwen 60.57 64.69 58.16 60.92 61.37 61.73 67.69 68.38 56.81 58.88 67.58 67.39 55.07 59.29 53.83 76.14 62.13 64.21

fNIRS (N) Statistics 62.54 71.27 59.61 43.33 73.49 61.46 65.98 69.06 54.83 42.05 73.30 45.36 62.55 64.05 65.57 50.18 75.43 46.88

Table 3: Performance (Macro-F1) of different models and feature sets, evaluated per task-modality combination. The color of
each block corresponds to the average performance of the results within that block (a darker shade indicates a higher average).

Figure 4: Performance (Macro-F1) of modality fusion (left) and task fusion (right). Combining signals generally improves the
Macro-F1 score and reduces performance variance.

reasoning before making a prediction. 3) Psychiatric Rea-
soning is our proposed method, which guides the model
through a structured reasoning process grounded in clinical
expertise. This approach reflects our key insight: effective
psychiatric diagnosis depends not only on what is said, but
also on how it is expressed under different task demands.
To operationalize this, the prompt incorporates task defi-
nitions and expert-informed behavioral expectations, help-
ing the LLM attend to symptom-relevant cues in a way
that aligns with real clinical reasoning. The essential struc-
ture is summarized in the Technical Appendix. Let P(i) =

{T (i)
1 , . . . , T

(i)
10 } represent the transcript prompt for subject

i. The LLM performs a binary classification gϕ(P(i)) →
y(i) ∈ {0, 1}. When clinical guidance K is included, the
model performs gϕ(P(i),K) → y(i), using the embedded
knowledge to attend to diagnostically meaningful patterns.

4 Experiments & Analysis
4.1 Experimental Settings
We conduct all experiments on C-MIND. To ensure ro-
bust evaluation, we randomly split the dataset into training,
validation, and test sets following a 6:2:2 ratio. We report
Macro-F1 as the main evaluation metric. Full metrics, in-
cluding Precision, Recall, and per-class F1 scores, are avail-
able in the Technical Appendix. All results are averaged over
five independent runs with different random seeds. Our anal-
ysis aims to answer two key research questions (RQs):
• RQ1: What are the contributions of different behavioral

tasks and modalities to depression assessment?

• RQ2: Can LLMs reason like clinical psychiatrists, and
how can knowledge injection improve their performance?

To address RQ1, we benchmark a suite of classical learn-
ing backbones, including LSTM, CNN, MLP, k-NN, Ran-
dom Forest (RF), and SVM. To address RQ2, we evalu-
ate several leading LLMs. The text-based LLMs, includ-
ing GPT-4o, GPT-o3, DeepSeek-V3, DeepSeek-R1,
and Qwen3-235B-A22B-T/NT (thinking/non-thinking
mode), use only the transcript as input. In contrast, the mul-
timodal model Qwen2.5-Omni processes a combination
of audio, video, and transcript. Due to space limitations, de-
tailed model architectures, parameters, and versions are pro-
vided in the Technical Appendix.

4.2 RQ1: The Power of Behavioral Signatures
Tasks and Modalities As shown in Table 3, we evaluate
each task and modality using two feature sets. Our analy-
sis reveals that Audio and Video are the most informative
modalities, though their effectiveness is deeply intertwined
with the psychiatric task being performed. Each task is de-
signed to probe different cognitive and emotional facets, and
their diagnostic power comes from how well these probes
elicit observable, depression-related behavioral markers.

The Picture Description Task (PDT), for instance, ex-
cels in this regard, proving to be the most effective probe
in our analysis. This is clinically intuitive as it assesses
for emotional and attentional biases. Depressed individuals
may exhibit a negative interpretation bias or provide less
detailed descriptions, which is reflected not only in word
choice (Transcript) but crucially in a flat vocal tone (Au-
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Figure 5: Performance comparison of LLMs using three reasoning strategies in zero/few-shot settings. Numbers above the bars
indicate the performance change relative to the corresponding ”Direct” baseline.

dio) and blunted affect (Video). This is evidenced by the
top-performing model, which achieved a 94.10% Macro-
F1 score using audio features from the PDT. Similarly, the
Verbal Fluency Task (VFT) also shows remarkable perfor-
mance, particularly with audio features. VFT assesses exec-
utive functions and semantic memory, which are often im-
paired in depression. This cognitive deficit doesn’t just man-
ifest as a lower word count, but more saliently as acoustic
patterns like longer pauses, frequent hesitation markers (e.g.,
”uh”, ”um”), and reduced prosodic variation. These are pre-
cisely the signals captured by audio analysis, explaining its
success. The Interview task (INT) remains a robust baseline
because its autobiographical prompts are effective at elicit-
ing narratives laden with depressive markers like negative
sentiment and overgeneralization, signals that are present
across Audio, Video, and Transcript.

Fusion Improves Robustness As illustrated in Figure 4,
a clear and consistent finding is that fusing evidence from
multiple sources enhances diagnostic performance. Combin-
ing modalities (e.g., Audio and Video) or integrating tasks
(e.g., INT and PDT) consistently leads to higher Macro-F1
scores and, critically, more stable and reliable predictions by
reducing variance. This underscores the value of a holistic
assessment strategy, where a richer, multi-faceted view of a
participant’s behavior provides a more robust foundation for
clinical inference than any single signal alone.

4.3 RQ2: Psychiatric Reasoning with LLMs
Reasoning Strategies We evaluate seven leading LLMs
under three prompting strategies: Direct Prediction, Vanilla
Reasoning, and our proposed Psychiatric Reasoning, across
both zero-shot and few-shot conditions (Figure 5). Several
consistent patterns emerge.

1) Psychiatric Reasoning consistently improves zero-shot
performance. Across most non-thinking models (e.g., GPT-
4o, GPT-o3, Qwen3(NT)), the structured psychiatric prompt
yields stable gains (e.g., +7.01% for GPT-4o, +3.67% for
Qwen3(NT)), outperforming both Direct and Vanilla strate-
gies. 2) Few-shot performance gains vary, and can con-
flict with structured guidance. For GPT-4o, Vanilla Reason-
ing under few-shot improves significantly (+7.31%), but the
gain from Psychiatric Reasoning (+8.34%) suggests that ex-
plicit guidance remains beneficial. In contrast, DeepSeek-v3

and DeepSeek-r1 show degradation under few-shot reason-
ing, likely due to incompatibility between pretrained rea-
soning paths and injected prompts. 3) Models with inter-
nal reasoning protocols may conflict with external prompts.
DeepSeek-r1 exhibits a significant drop when reasoning
is added, especially under few-shot settings (-22.5% with
Vanilla and -11.96% with Psychiatric prompts), highlight-
ing potential interference from overlaying external logic on
built-in reasoning. 4) Multimodal input does not guarantee
improved performance. The multimodal model Qwen2.5-
Omni consistently underperforms across all prompting set-
tings, achieving just 46.36% with Psychiatric Reasoning
(zero-shot), which is worse than most transcript-only mod-
els. This suggests that general-purpose multimodal LLMs
currently lack the fine-grained capability to utilize clinical
non-verbal cues effectively without task-specific tuning.

Notably, even the best transcript-based LLM with Psy-
chiatric Reasoning (GPT-4o, 60.53%) still falls short of the
68.24% achieved by a supervised model trained directly on
transcript Qwen features, further emphasizing the perfor-
mance gap between prompting-based and discriminative ap-
proaches in high-stakes diagnosis.

Figure 6: Performance gains of task combinations on LLMs.

Task Fusion On LLMs To examine whether LLMs ben-
efit from task-level information integration, we aggregate
transcripts from multiple psychiatric tasks (Figure 6). Re-
sults align with RQ1: combining tasks improves perfor-
mance. For example, GPT-4o’s Macro-F1 improves from
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50.48% (INT only) to 55.68% (INT+VFT), and further
to 60.53% when Psychiatric Reasoning is applied. The
best-performing configuration under transcript-only input
is GPT-4o with INT+VFT and Psychiatric prompt. Simi-
lar trends are observed with GPT-o3. However, tasks like
VFT remain underutilized in isolation, likely due to the loss
of timing and repetition patterns during transcription. This
supports our earlier findings that linguistic transcripts alone
cannot fully capture the cognitive and affective richness of
certain psychiatric tasks.

4.4 Case Study
The case study presented in Figure 7 serves as a clear il-
lustration that explicitly integrating domain-specific psy-
chiatric knowledge enhance the performance of depression
assessment. In our observation, domain knowledge con-
tributes in two crucial ways. First, it guides clinical inter-
pretation of signals. In the case of PDT, rather than over-
reacting to raw metrics “low word count”, reasoning with
psychiatric knowledge assesses recognize protective fac-
tors like emotional expressiveness, therefore correctly iden-
tifying non-pathological cases. Second, knowledge prevents
over-weighting isolated negative signals. For example, when
encountering “Good people don’t get good rewards,” the
baseline model treats it as a core depressive marker. Psychi-
atric reasoning, however, draws on clinical reasoning to dis-
tinguish between fleeting complaints and the pervasive nega-
tivity typical of depression. By noting the lack of elaboration
or supporting cues, it correctly down-weights the phrase.

Declining in executive 
function and motor 
slowness are typical 
cognitive impairment 
features of depression.

 VFT (Fruit)
Apple, banana, pear, 
melon, watermelon, 
orange, lemon, cherry

Focus on content, not 
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data, rather than 
absolute counts.

The ability to 
actively express 
pleasant emotions 
and infer others' 
positive states 
reflects normal 
social cognition, 
which is typically 
impaired in severe 
depression.

It is necessary to 
differentiate between 
"state" complaints and 
"trait" pervasive 
negative thinking. The 
key is to observe whether 
it is accompanied by 
excessive generalization 
and rumination 
(repeated thinking).
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Figure 7: A case contrasting a superficial, baseline interpre-
tation with a nuanced, knowledge-guided assessment for the
same healthy participant. Red marks the incorrect assump-
tions of the baseline, green highlights the correct interpreta-
tions guided by psychiatric expertise, and yellow identifies
points that are considered but ultimately de-emphasized.

5 Related Work
Corpus The foundation of depression detection is its data
corpora, which have evolved along a hierarchy of evidence,
trading scale for clinical validity. Early research leveraged
large-scale social media corpora with labels based on user
self-disclosure (Shen et al. 2017; Tadesse et al. 2019; Zirikly
et al. 2019; Bucur et al. 2025). To improve signal quality,
subsequent work introduced datasets collected in controlled
settings, where ground truth was typically derived from self-
report questionnaire scores (Gratch et al. 2014; Valstar et al.
2016; Guo et al. 2021; Tasnim et al. 2022). Representing
a move toward the clinical gold standard, the most recent
corpora have begun to incorporate formal diagnoses from
trained psychiatrists (Cai et al. 2022; Zou et al. 2022; Lin
et al. 2022). These pioneering efforts often feature smaller
or imbalanced cohorts and are focused on a limited set of be-
havioral tasks or modalities. Our work therefore introduces
a new clinically-validated resource featuring a balanced co-
hort across diverse tasks and modalities.

Method Paralleling the evolution of datasets, detection
methods have shifted from analyzing handcrafted features
within single modalities to learning complex data repre-
sentations through sophisticated, multimodal architectures.
Initial approaches relied on handcrafted features from sin-
gle modalities, such as text, audio, or video (Fossati et al.
2003a; Cummins et al. 2015; Ma et al. 2016). A consen-
sus has since formed around multimodal fusion models,
which integrate these channels using sophisticated atten-
tion or transformer architectures to achieve stronger perfor-
mance (Fan et al. 2019; Wei et al. 2023; Chen et al. 2024;
Jia et al. 2025; Wu et al. 2025). The latest frontier involves
applying LLMs to this task. While powerful, research high-
lights challenges in adapting these general-purpose models
for clinical use, noting the need to imbue them with spe-
cialized, domain-specific knowledge beyond what is learned
from web-scale text (Guo et al. 2024; Wang, Inkpen, and
Kirinde Gamaarachchige 2024; Hua et al. 2025; Bi et al.
2025). Our work contributes to this frontier by conducting
a comprehensive analysis across different tasks and modal-
ities to clarify their discriminative power, and then propos-
ing a novel psychiatric reasoning mechanism to enhance the
clinical awareness of LLMs.

6 Conclusion
We present the clinical multimodal neuropsychiatric di-
agnosis (C-MIND) dataset, a clinically validated resource
collected from real hospital settings, featuring diverse be-
havioral signals across structured tasks and synchronized
modalities. Through systematic analysis, we reveal how spe-
cific combinations of tasks and modalities enhance diagnos-
tic stability, providing empirical guidance for system design.
We also show that large language models, when guided by
structured psychiatric knowledge, can better approximate
expert reasoning in complex diagnostic scenarios. By in-
tegrating high-quality clinical data with interpretable and
knowledge-informed modeling, this work offers a concrete
step toward computational systems that are accurate, trust-
worthy, and deployable in real-world mental healthcare.
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