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Abstract Depression is a complex mental disorder that has been widely studied. Using various machine learning
techniques, researchers have been able to predict whether an individual is healthy or experiencing depression. The
most common approach involves analyzing a person’s voice and speech content. Multimodal approaches improve
prediction accuracy by incorporating facial features. With the rising popularity of large language models (LLMs),
these models have recently been applied to evaluate symptoms of depression. In this paper, we explore the use of
LLMs combined with audio and facial features for binary classification of depression using a Japanese dataset. The
current method obtained an average accuracy of 0.7956 using the DSM-5 labeling with a 5-fold cross-validation.

Key words LLM, Depression Detection, Multimodal fusion, Web-Interview

1. Introduction
Depression, clinically defined in the DSM-5 [1], is char-

acterized by the presence of at least five symptoms within
a two-week period, including persistent sadness, loss of in-
terest, sleep disturbances, appetite or weight changes, psy-
chomotor agitation or retardation, fatigue, impaired concen-
tration, feelings of worthlessness, and recurrent thoughts of
death or suicide. It is a serious medical condition that often
co-occurs with chronic illnesses such as diabetes, cardiovas-
cular disease, Parkinson’s disease, and Alzheimer’s disease.
Studying depression has a profound impact, as it remains
one of the leading contributors to global disability and re-
duced quality of life. Given the rise in depression and the
shortage of trained mental-health professionals, particularly
in low and middle-income regions, there is a clear need to
develop a fast and efficient diagnosis method [2]. Human
assessments are time consuming, subjective, and difficult
to scale, whereas AI systems can process large amounts of
data efficiently, providing consistent and accessible screen-
ing tools that complement clinical judgment.

The vast majority of research has explored automated
depression detection using cues from voice, text, and facial
behavior [3], [4]. These approaches have shown that lin-
guistic and acoustic patterns, as well as facial expressions,
are closely related to depressive states. However, despite

promising results, existing methods still face important chal-
lenges. Although several recent studies have incorporated
LLMs into depression detection—for example, Sadeghi et
al. used an LLM to clean and improve E-DAIC transcripts
before combining them with facial features [5], Zhang et al.
proposed SpeechT-RAG, which augments an LLM with re-
trieved speech-timing information [2], Hong et al. generated
personalized textual descriptions from multimodal signals
and fed them to an LLM [6], and Dong et al. used an LLM
to denoise transcripts and construct an emotion lexicon that
is then passed to a separate neural classifier [7]—these ap-
proaches still treat the LLM as an auxiliary pre-processing
or feature-extraction module rather than operating directly
on the patient’s raw interview transcripts together with mul-
timodal behavioral cues to make the final prediction. Ad-
ditionally, limited availability of public data complicate the
generalization and comparison of techniques across diverse
populations.

Motivated by these gaps, our work aims to effectively
exploit the natural-language understanding ability of LLMs
by focusing on the patient’s actual speech content during
interviews. We build on the intuition that the linguistic con-
tent itself contains rich psychological indicators that LLMs
are uniquely suited to interpret. At the same time, we recog-
nize that depression manifests through multiple behavioral
channels, so relying on a single modality may fail to capture
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the full complexity of the condition.
The contribution of our research is as follows:

• Use the LLM directly on raw ASR transcripts without
any intermediate NLP processing such as rephrasing,
summarization, or key-phrase extraction, while at the
same time feeding audio–visual embeddings straight
into a fine-tuned LLM backbone instead of relying
on separate fusion and classification heads. In our
framework, high-level speech and visual representa-
tions are injected as additional tokens alongside the
original transcripts, so that the LLM itself learns to
jointly integrate all modalities and produce the final
“depressed” vs. “healthy” decision in a single step. To
the best of our knowledge, this is the first work to ap-
ply such an end-to-end multimodal LLM formulation
to automatic depression detection.

2. Previous studies
2.1 Depression detection
Nowadays there are many modern technology-driven ap-

proaches to predict depression to increase the number of
diagnoses that are done directly by a specialist. Examples
include prediction of depression using wearable devices [8],
analysing social media posts [9], or medical imaging such
as functional Magnetic Resonance Imaging (fMRI) [10].
However, the majority of papers that predict depression use
interviews as input; this might be due to the availability
of interview-datasets. Furthermore, predicting depression
through online interviews offers an easily accessible and
cost-effective tool that can facilitate faster treatment, thus
helping to prevent worst-case scenarios.

In recent years, prediction of depression using only one
modality has become less common. Rodriguez et al. [11]
use only speech to predict depression by analysis of spectro-
gram using CNN and CNN-LSTM. Tao et al. [12] use Multi
Local Attention, and LSTM to predict depression using fea-
tures extracted from audio only. Pan et al. [13] focus on
the image modality to predict depression while developing
a strategy to maintain anonymized physical features of the
volunteers.

Multimodal approaches have shown a stronger perfor-
mance compared to solo modality. Hao Sun et al. [14]
pointed out that using crossmodal attention is limited to
two modalities, and they proposed using a tensor instead
of a traditional matrix to better capture the relationship be-
tween three modalities. The paper written by Kumar et
al. [15] used MTCNN for video, TS-CAN for physiological,
ResNet-18 for audio, and RoBERTa for text modalities, and
a strategic fusion of modality-specific networks including
CNN-RNN, Transformer, MLP, and ResNet-18.

The previous work using the Japanese multimedia
Mental-health Interview Dataset (J-MIND) [16] also uses
a multimodal combination extracted features from speech
(spectrogram encoder-decoder), text (BERT), and video
(Video Swim Transformers) and merged them using a MLP,
their main novelty was comparing the utterance analysis vs
the full interview session.

2.2 Multimodal LLMs
A Multimodal LLM (MLLM) typically consists of: (i)

modality encoder(s), (ii) an input projection module that
concatenates, aligns, or fuses multimodal features, (iii) an

LLM backbone, (iv) an output projection, and (v) a modal-
ity generator [17], [18]. The following studies are close to
MLLMs, but because their output is only a prediction rather
than regenerated modalities, we regard them as LLMs en-
hanced with multimodal features.

Zhang et al. [19] presented SpeechT-RAG, a Retrieval-
Augmented Generation framework that leverages acoustic
temporal patterns for depression detection. They used this
SpeechT-RAG to improve the performance of the LLM to
predict depression. Hong et al. [6] compared different ap-
proaches to predict depression, one approach uses LLM
enhanced with a multimodal approach. They include in the
prompt a personalized description of the volunteer that was
automatically generated by another subprocess according to
the characteristics of the person (age, gender, native, etc.).

After reviewing the current State Of the Art, there is still
a lack of application of LLM to address the depression pre-
diction. The actual LLM depression prediction papers do
not use the multimodal approach with the direct transcript
interview. Considering the high potential of the LLM, we
decided to test the performance of LLM in the J-MIND. In-
spired by the work of EmotionLlama [20] that uses the LLM
to predict emotion in videos, we decided to apply a similar
approach to predict binary depression.

3. J-MIND Dataset
3.1 COI-NEXT project
The COI-NEXT Project is a national Japanese pro-

gram designed to create industry–academia–government co-
creation platforms that drive innovation, regional revitaliza-
tion, and long-term societal transformation. It supports
universities as central hubs that work with companies, local
governments, and other organizations to develop sustain-
able, independent innovation centers. In particular for this
project, COI-NEXT represents an ongoing effort for a com-
prehensive and authentic approach in mental health research
in Japan, and the final goal is to be able to diagnose depres-
sion in normal or daily conversations.

3.2 Criteria HAMD
It is necessary to differentiate the definition of a depres-

sion from how to measure its severity. Nowadays, the most
popular metrics are the Hamilton Depression Rating Scale
(HAMD-17) and the Patient Health Questionnaire (PHQ-8).
HAMD-17 is used by clinicians, has 17 items, and accord-
ing to the answers a person can be labeled as normal (0-7
points), mild depression (8-13 points), moderate depression
(14-18 points), severe depression (19-22 points) and very
severe depression (more than 22 points). PHQ-8 is a self-
rating questionnaire with 8 items on a 0-3 Likert scale.

3.3 Database design
Zoom interviews offer a unique perspective, where the

patient can be in the comfort of their home and have a easier
diagnose than going to the clinic. The J-MIND: Japanese
multimedia Mental-health Interview Dataset is built from
interviews conducted across multiple hospitals, enriching
the diversity of the data. The hospitals involved are Asaka
Hospital, Science Tokyo Hospital, Nagatsuda Ikoinomori
Clinic, Keio University Hospital, and Tsurugaoka Garden
Hospital.

The first version of the J-MIND depression dataset con-
tained 91 patients, but due to the withdrawal of some vol-
unteers, some data have been deleted. For the current paper
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we present a second version and a third version of J-MIND
depression dataset. The second version objective was to
recreate as much as possible the first dataset. This version
contains 89 patients, with a gender distribution of 40 male
and 49 female participants, and age from 20 to 76. The
third version, contains 168 patients, the gender distribution
revealed 71 male and 98 female participants, and mantains
the same age range.

For the labeling, we consider two proposals: HAMD and
DSM. For a binary classification, the person is labeled as
healthy if the HAMD score is less than or equal to 7, and
if it is greater than 7, the person is considered depressed.
The second approach is to divide the data according to the
diagnosis made by the physician according to the DSM-5
manual.

The preprocessing of the data is described as follows:
The audio is originally separated by Zoom downloading pro-
cess, so the dataset has the patient-only audio, the physician-
only audio, and both person audio. In this research only the
patient audio is used. The videos were cropped to focus
only on the patient using YoLov8 nano. The speech was
divided into different utterances using the Voice Acitivity
Detection (VAD) based on the Malaya speech Toolkit. For
textual representation we used Google ASR transcripts with
a random prompt of our bank of formats as an example: The
person in video says: ... ”Determine the emotional state
shown in the video, choosing from healthy, or depressed.”.

3.4 Related datasets
In this work, we use the E-DAIC dataset as a bench-

mark to compare our proposed LLM-based multimodal de-
pression detection method with previous approaches. The
E-DAIC dataset contains extracted video features, not the
raw video (e.g. Action Units, head Pose, Eye-Gaze, vgg,
ResNet), acoustic features extracted using openSMILE, the
raw audio of the interview and their ASR transcripts. The
PHQ-8 metric is used to classify volunteers, considering 11
points or more as depressed. These interviews were con-
ducted by a virtual interviewer, who can be totally AI or
controlled by a human. The dataset contains 275 interviews
divided into three subsets: a trainset of 163 instances, a de-
velopment set of 56 instances and a test set of 56 instances.
Gender distribution revealed 170 male and 105 female par-
ticipants, and the age variability within the dataset range
from 18 to 69 years old. For the isolated version, the pre-
processing focused on the audio, filtering it to only hear the
voice of the patient, and the transcripts were generated by
the ASR of Google Speech Recognition.

4. Proposed method
We proposed the Depression-LLaMA framework to pre-

dict binary depression based on the work of Emotion
LLaMA [20], which consists of inputting video, audio, and
transcripts into their respective encoders, concatenating the
feature embeddings of each and adding those with the en-
coded prompt, to have a final response of the LLM about
the state of the patient.

For audio we used the HuBERT Large for the En-
glish volunteers and HuBERT base Japanese from [21] for
Japanese speakers. We loaded each wav audio file, extracted
HuBERT-Large hidden-state features, applied mean pooling
over time to produce a single 1024-dimensional embedding,
and saved it as a .npy file.

The visual pipeline consists of three encoders: Video
Masked Autoencoders (MAE) [22]: each video is di-
vided into overlapping 16-frame clips, from which 768-
dimensional MAE features are extracted and saved as .npy
files. Face-MAE embeddings [23], an MAE variant opti-
mized for facial dynamic expressions: the script extracts
features from every second frame, averages them across
tokens and time, projects them to a 1024-dimensional vec-
tor, and saves the resulting embedding as a .npy file. EVA
embeddings [24] : the first frame of each video is extracted,
passed through a frozen EVA-ViT model to obtain its feature
representation, and saved as .npz files.

The HuBERT, Video-MAE, and Face-MAE features are
then adapted to 1024-dimensional embeddings. Each em-
bedding is split along the channel dimension, projected
through dedicated linear layers, stacked, and concatenated
with the EVA and CLS-token features to form the final mul-
timodal input to LLaMA. This feature vector, combined
with the prompt, is fed into the LLaMA LLM to predict
the patient’s state. The LLaMA model is fine-tuned using
the LoRA method. The final output of the system is a bi-
nary LLM response: “depressed” or “healthy”. The overall
process is represented in the Figure 1.

5. Experiments
5.1 Experimental conditions
All experiments were conducted on the TSUBAME su-

percomputer at the Institute of Science Tokyo. We used
one f -node equipped with 2 NVIDIA H100 GPUs and CPU
AMD EPYC 9654 with 384 GB of memory with PyTorch
in distributed data-parallel mode (world size = 4) using the
NCCL backend and CUDA devices. As backbone, we used
LLaMA-2-7B; all LLaMA weights were frozen and we ap-
plied LoRA to the self-attention projections (q proj and v
proj), with rank r=64, scaling 𝛼=16, and dropout p =0.05.
We fine-tuned the model with the AdamW optimizer and
a linear-warmup cosine-decay learning-rate schedule for at
most 10 epochs with 1,000 iterations per epoch. The random
seed was set to 42 for all experiments.

For the J-MIND, we used an initial learning rate (lr) of
5.0×10−6, a minimum lr of 1.0×10−6, and a warm-up lr of
5.0× 10−7. The lr was linearly increased from the warm-up
value during the first 1,000 warm-up steps and then decayed
with a cosine schedule down to the minimum learning rate.
We performed subject-independent 5-fold cross validation.
The same folds were used for both HAMD and DSM la-
belings to enable a fair comparison. For the “long” setting
we extracted features from the first 5 minutes of each in-
terview (2 minutes for HuBERT due to computational con-
straints), while for the “utterance” setting we applied the
VAD-based segmentation described in Section 3.3 and ag-
gregated utterance-level predictions by majority vote. For
the E-DAIC dataset, the initial lr was set to 3.0 × 10−6, the
minimum lr to 5.0×10−7, and the warm-up lr to 1.0×10−7.
We followed the official train/test split.

5.2 Results
5.2.1 Speech Length Analysis
In the paper of Lam [16], the best results were obtained

using short utterances. In order to analyze the effect of the
utterance we proposed two different approaches: long and
utterance. For the Utterance approach, first all the data were
divided according to the detected utterances by the VAD. For
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Fig. 1: Diagram of Depression-LLaMA. Based on [20], we extract different features from the interview; a linear block generates the tokens, which are
concatenated with the prompt. The LLaMA model is fine-tuned with LoRA to obtain the binary depression prediction from the LLM response.

Dataset
(num of subjects) Avg Acc (5-fold cross val)

Part B long Part B utte Part A long
V2 HAMD (89) 0.7418 0.6493 0.7162
V2 DSM (74) 0.7428 - 0.6885
V3 HAMD (168) 0.7205 0.5889 0.6983
V3 DSM (132) 0.7956 - 0.7198
Table 1: Depression Llama performance on J-MIND

the final prediction, the most common label among all the
utterances is considered as the final prediction. For the long
approach, the first 5 minutes of the video were used to obtain
the features embeddings, except for the Hubert embeddings
that were limited to 2 minutes due to computational limits.

The results in Table 1 reflect that LLM method has a
better performance with the long approach than the utter-
ance approach. The experiment was repeated using the V3
with more patients and the behaviour was consistent, the ut-
terance approach had a lower accuracy (0.59) than the long
approach (0.72).

5.2.2 Different Interview Section
The interview is divided into 5 sections. In this study we

focus only on the first two sections; the first section A is a
free talk where the psychologist asks the volunteer questions
regarding patient’s worries, the second section B is a struc-
tured part where the patient talks about depression episode.
Comparing these two sections we can see how the model
behaves between a non-structured vs a structured interview.

According to the results in Table 1 the structured part B,
that was used originally in the previous study [16], performs
better than the part A unstructurated. This pattern repeats
independently from the label strategy used. The compari-
son was made only using long approach; the omission of
utterance approach was due to the fact that it showed lower
performance in comparison to the long approach.

5.2.3 Comparison of Label
From the results of the Table 1 the DSM label showed a

higher accuracy than the HAMD dataset. However, the
HAMD dataset also included bipolar people who had a
HAMD score, so in order to have a fair comparison we
trained and evaluated the model using the same volunteers.
The results in Table 2 show that better classification perfor-
mance using the DSM label prevails.

5.2.4 Comparison with the SOTA
To analyze how this LLM method’s behavior with the

Dataset
(num of volunteers) Avg Acc (5-fold cross validation)

Part B long Part A long
V3 HAMD (132)
without bipolar 0.6515 0.6740

V3 DSM (132) 0.7956 0.7198
Table 2: Label performance.

current methods we decided to test it with the E-DAIC
dataset. However, as the dataset has no raw videos we
used the ResNet50 and VGG features, because those are
the closer representation to our current embeddings. Us-
ing the raw audio and transcripts we obtained an accuracy
of 0.6071, and with the isolated audio and isolated ASR
transcripts it increased to 0.6250.

In the Table 3 we can see that our method has results
comparable to the state of the art. The work by Dong
et al. [7] attains 0.8214 accuracy by first using an LLM
(ChatGLM3-6b) to restate the interview texts and then con-
structing a fine-grained emotion matrix that is processed by
a dedicated CNN–attention classifier. Their architecture is
highly optimized for E-DAIC: it focuses solely on text, ex-
plicitly models the temporal trajectory of emotions with an
emotion lexicon, and is trained on carefully cleaned tran-
scripts, which likely explains its superior performance on
this text-only setting. In contrast, our approach feeds raw
transcripts together with audio–visual embeddings directly
into a LLaMA-2 backbone, asking the LLM itself to inte-
grate all modalities and output the final decision. Thus, our
framework is more general and naturally suited to scenarios
where rich non-verbal cues are available, and it is com-
plementary to Dong et al.’s emotion-centric design: their
interpretable emotion matrix could be incorporated as an ad-
ditional modality in our LLM, potentially combining their
strong text-based emotion representation with our capability
to jointly reason over multimodal signals.

As the EDAIC dataset does not provide the raw video, we
could not extract the same visual features. In order to know
how much affects the specific visual features of the method,
we also test our method replacing the visual features with
ResNet50 and VGG features. In Table 4 we can see how
much the LLM enhanced by multimodal inputs degrades by
replacing these visual features.

To evaluate how each factor contributes to the model
performance, the model trained on the V2 with the HAMD
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Method Modality
(test set)
Accuracy Precision Recall F1

Depression-llama A+V+T 0.6250 0.6489 0.6250 0.6264
Gimeno [25] A+V – 0.59 0.58 0.56
Dong [7] T 0.8214 0.7692 0.5882 0.6667

Table 3: Binary classification results on E-DAIC.

Dataset
(num of volunteers) Visual features

Accuracy
(5-fold cross validation)

V3 DSM partB (132) MAE, FACE MAE, EVA 0.7956
V3 DSM partB (132) VGG16, ResNet 0.6583
EDAIC VGG16, ResNet 0.6250 (test set)

Table 4: Performance of Depression LlaMA using different visual features.

labeling was tested when inputting just one feature and also
ommitting one feature, see Table 5. The raw Llama-2 with
7 billion parameters had the lowest performance prediction
with an accuracy of 0.3088 with a consistent standard devi-
ation of 0.06. The modality that contributes the most were
the face MAE with an accuracy of 0.5717 ±0.11.

5.3 Discussion
Regarding the difference in performance comparing the

utterance vs the long approach, the long approach shown
better results, we believe is due to LLM has a better com-
prehesion of the context if it includes the whole monologue
instead of cropped words, that can be seen as noise to the
LLM.

The section B is a structured interview, while the sec-
tion A has no structured. The section B show better perfor-
mance, because it is easier to compare the answers to almost
the same questions (the questionnaire changes according to
each person’s answer, so it is personalized).

In this study the initial binary diagnosis made by the
DSM label showed a better performance compared to the
HAMD, the HAMD measures how severe a person has de-
pression symptoms; however, in the case of the DSM label,
there might be cases where a person has depression, while
having low ”healthy” HAMD score, in other words, depres-
sion without clear symptoms. It is necesary to continue the
evaluation of the labeling in order to decide which label is
the most effective to predict depression. When the data was
increased, using the HAMD score, the accuracy values de-
creased. However, it is important to continue to increase the
dataset, so that the model can have a stronger generalization.

The limited features of EDAIC dataset restrict the re-
search to only using those available features. Working with
more efficient visual features (MAE, EVA and FaceMAE)
can increase the prediction performance, so we can hypoth-
esize that the performance of our approach can be even
greater if we were able to extract these features. The EDAIC
dataset in the audio and transcripts contains: interviewer,
patient and sometimes a third person such as a secretary;
our method was developed based on the COINEXT dataset
where the patient audio and transcripts is the only input.
Then, when isolated the transcripts and audio to only be
from the patient, the accuracy increased.

The work of Gimeno et al. [25] maintains a more tradi-
tional approach: extracting features, aligning them and us-
ing a transformer encoder for classification. Our approach
not only uses feature extraction, but let the LLM predict
the final prediction by inputing all the features. Compared
with the state of the art, the model developed by Dong et
al. [7] shows a really big gap from the binary classification

SOTA. In their work, they use LLM to clean up the messy
transcripts and develop an emotion lexicon. With the new
transcripts and this emotion lexicon, they were able to con-
struct an emotion matrix describing a person’s emotional
state and mood swings over time. The depression predic-
tion used this matrix as input to a neural network. Their
works focus on structured interviews, making difficult to
use this model to predict depression in daily or normal con-
versation. The gap in the results can also be explained by
the use of different LLM, LlaMA 7b vs ChatGLM3-6b, but
further experiments are required to confirm it.

6. Conclusion
In this work, we proposed a multimodal LLM-based

framework for binary depression detection using web-
interview data. By combining audio, facial, and textual fea-
tures with a LLaMA-based backbone enhanced via LoRA,
our method achieves results comparable to existing state-of-
the-art approaches. On the J-MIND, the proposed model at-
tains up to 79.6% accuracy using DSM-based labels and the
structured Part B section in the long-segment setting, and we
showed that long segments outperform utterance-level seg-
mentation and that structured interviews are more informa-
tive than free conversation for this task. In future work, we
plan to extend this framework beyond binary classification
to predict depression severity scores (HAMD, MADRS).
Furthermore, most existing studies, including ours, analyze
only a single visit; an important next step is to model lon-
gitudinal changes in depression severity over multiple inter-
views from the same patient over time. This could provide
a more realistic view of how depressive symptoms evolve
and help move toward continuous real-world monitoring of
mental health.
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