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Abstract - Mental health is a critical component of overall well-
being, yet conditions such as depression are frequently underdiag-
nosed due to the subjective and time-intensive nature of traditional
assessment. This paper proposes a multimodal approach for auto-
mated depression detection that combines textual and acoustic rep-
resentations extracted from patient interviews. A BERT-based en-
coder, enriched with auxiliary sentiment features, is used to model
linguistic patterns, while a WavLM-based encoder captures acous-
tic and prosodic cues from speech. Text and audio embeddings
are combined using a learned gated fusion mechanism at the ut-
terance level, and a Bidirectional Gated Recurrent Unit further
models temporal dependencies at the session level. The system was
evaluated on the E-DAIC WOZ dataset, where the text-only model
achieved 73.21% accuracy for depression detection, and the fu-
sion model obtained the highest precision (72.73 %) for identifying
individuals with depression. The auxiliary sentiment classification
head further attained an accuracy of 87.34% at the utterance level,
demonstrating the benefit of jointly modelling sentiment and de-
pression cues through complementary textual and acoustic modal-
ities.

Keywords - multimodal sentiment analysis; depression detection;
mental health; BERT; WavLM; multimodal fusion
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I. INTRODUCTION

Mental health is a state of well-being that allows one to deal
with life’s stresses, to realize their potential, to perform duties
normally and to be an asset to the society. Chisholm et al. [1]
stated that without mental well-being there is no true physical
health, highlighting the strong interdependence between physi-
cal and mental well-being. Mental health is often overlooked in
comparison to physical health. An imbalance between the two
contributes to many physical and mental disorders.

According to a survey conducted by the World Health Orga-
nization (WHO) in 2021, 1 in 7 individuals globally are affected
by mental disorders, with anxiety and depression being the most
prevalent. Anxiety and depression alone affect over 359 and 280
million people respectively, with prolonged untreated depres-
sion linked to increased suicide risk [2-  Despite the severity,
these disorders are often overlooked due to various factors, par-
ticularly stigma and lack of awareness [1].

Mental disorders are diagnosed through various approaches,
primarily relying on clinical interviews and self-reporting ques-
tionnaires. Some of the detection methods include the Patient
Health Questionnaire (PHQ-8/9), the Beck Depression Inven-
tory (BDI-II), the Hamilton Depression Scale, and the Cen-
ter for Epidemiological Studies Depression Scale (CES-D) [5].
Nevertheless, there is a lack of focus on early detection of men-
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tal disorders; hence, depression and suicidal tendencies often
remain undetected at the initial stages. Affected individuals
often show unclear clinical characteristics, making traditional
manual diagnosis complex, time-consuming, and potentially bi-
ased [5]. The shortage of professionals in the field of psychiatry
makes the situation even more critical [6-8].

Over the years, researchers have identified w ays t o miti-
gate mental health issues using Artificial Intelligence (AI) tech-
niques [9-11]. Natural Language Processing (NLP) plays a
crucial role in sentiment analysis (SA), gaining popularity as
a powerful diagnostic tool with the capability of early detection
of emotions and disorder symptoms.

Despite significant progress in SA, most existing systems re-
main unimodal, predominantly using text. Consequently, they
miss important characteristics that can be obtained using a mul-
timodal approach. Recent studies explored systems that uti-
lize social media data, consisting of tweets, texts, and images
[12,13]. These approaches proved effective in monitoring men-
tal health, particularly among the youth. However, these meth-
ods may not be practical, since not all users are active on social
media or have access to it. Hence, there is a need for an au-
tomated system that integrates multiple modalities to detect the
sentiments of individuals.

This paper proposes a multimodal system that integrates tex-
tual and audio data to address the mental health issue of de-
pression. The proposed system is trained on the Extended Dis-
tress Analysis Interview Corpus-Wizard of Oz (E-DAIC WOZ)
dataset, using the audio data and their corresponding text. The
system aims to detect depression based on audio and text and
classifies individuals as depressed or non-depressed.

The remainder of this paper is organized as follows. Sec-
tion II reviews recent works that motivate this study. Section
IIT presents the proposed system and methodology. Sections
IV and V present and discuss the experiments conducted along
with the results. Finally, Section VI concludes the paper.

II. RELATED WORKS

SA is an NLP application that has been extensively researched
and widely applied in various domains. It has significantly con-
tributed to the field of mental health, where sentiments are used
in diagnosing an individual’s mental state. However, existing
SA systems are largely unimodal, with text being the most com-
mon input.

Initially, traditional machine learning (ML) methods such as
Logistic Regression (LR), k-Nearest Neighbors (k-NN), and
Naive Bayes (NB) formed the foundation of most existing ap-
proaches. Alvarez et al. [14] employed six ML methods on
Electronic Health Records (EHRs), where Random Forest (RF)
classifier gave the best performance (Table I). In parallel, so-
cial media emerged as a valuable source for mental health de-
tection and analysis [12]. Detection of depression and Post-
Traumatic Stress Disorder (PTSD) among Twitter users was ex-
plored through sentiment analysis of tweets. Multiple ML algo-
rithms were implemented, where Decision Tree (DT) achieved
the best performance, while RF performed least effectively [15].
Selva et al. [13] proposed a deep learning framework integrat-
ing word2vec and BERT embeddings with a Bi-LSTM classifier
and knowledge distillation for depression and anxiety detection

from social media data.

Advanced methods such as Deep Learning (DL), Large Lan-
guage Models (LLMs), and transformer-based architectures
were widely adopted [16-18]. Social media data sourced from
Reddit and Twitter was used to predict multiple emotional states
such as happiness, anger, surprise, sadness, and fear. A range
of techniques, including LR, NB, RF, and Support Vector Ma-
chine (SVM), along with DL approaches such as Long Short-
Term Memory (LSTM) and Bidirectional Encoder Representa-
tions from Transformers (BERT), were employed, achieving a
maximum accuracy of 93.28% [19]. Using 30-second speech
segments, Zhang et al. [20] trained a deep learning classifier
to distinguish depressed from non-depressed individuals, with
evaluation spanning three corpora: Multimodal Open Dataset
for Mental Disorder Analysis (MODMA), DAIC-WOZ, and the
Chinese Outpatient Audio Depression Corpus (COAD).

Hassan et al. [21] identified depression using assessment
scales such as the Hamilton Depression Rating Scale (HAM-
D) and Personal Health Questionnaire (PHQ-8). ML meth-
ods, including SVM, Gaussian Mixture Model (GMM), and
LR, along with deep learning models such as CNN, RNN, and
LSTM, were applied. DL methods excelled in speech emo-
tion recognition, and CNNs effectively captured acoustic fea-
tures for speech classification. Jadhav et al. [22] utilized six
audio and two video features, adopting a voting-based ensem-
ble classifier comprising LR, Support Vector Classifier (SVC),
RF, and Gradient Boosting (GB). Textual data was handled via
a Mamdani fuzzy approach for textual analysis , achieving up
t0 99.54% accuracy through late fusion (Table I).

Consequently, researchers recognized that unimodal systems
failed to capture important information available in modali-
ties such as speech and visual data, leading to the develop-
ment of multimodal systems that integrate multiple data sources
to improve analysis and performance. Gandhi et al. [23] ex-
plored Multimodal Sentiment Analysis (MSA) using speech,
visual, and textual data through fusion techniques, and pre-
sented various MSA architectures along with interdisciplinary
applications and future research directions. Wang et al. [24]
conducted sentiment analysis on the Weibo platform, classi-
fying the data into positive and negative categories, using the
SMP2020 Weibo Emotion Classification Evaluation dataset and
weibo_senti_100k, comprising both textual and visual data.

Ikeuchi et al. [17] focused on depression detection from con-
versational data through fine-tuning. After converting speech
to text via Whisper-large-v3, the authors benchmarked several
LLMs, including Llama, Gemma, Mistral, and Qwen for the de-
tection task. QLoRA-based fine-tuning was employed to reduce
model parameters and optimize memory usage. Among these,
Llama 3.1-8B Instruct achieved the strongest results. Liu et
al. [25] proposed an Al-based mobile application, MoodEcho,
for automatic speech-based depression detection. The system
relied on Mel-spectrogram representations to train a CNN aug-
mented with Squeeze-and-Excitation (SE) blocks. Iyortsuun et
al. [26] introduced an Additive Cross-Modal Attention Network
(ACMA), a Bi-LSTM architecture with cross-modal attention
that fuses text and audio cues for depression classification, eval-
uated on the DAIC-WOZ dataset. It should be noted that accu-
racies reported on social-media-derived datasets [13,19,22] are
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not directly comparable to those obtained on clinical-interview
datasets such as DAIC-WOZ/E-DAIC, since social media la-
bels are typically self-reported or keyword-derived, whereas E-
DAIC WOZ relies on clinically validated PHQ-8 assessments
[27], representing a more challenging and realistic detection
task. Table I summarises the datasets, methods, and reported
performance of the works discussed above.

III. METHODOLOGY

This work presents a multimodal approach for detecting depres-
sion through audio signals and their corresponding transcripts,
along with extracted sentiments, as depicted in Fig. 1. The au-
dio input is decomposed into two modalities, speech signals
and textual transcripts. Both modalities undergo preprocessing
to remove noise, eliminate irrelevant information, and improve
data quality. Subsequently, feature extraction is performed to
derive acoustic features from speech signals and contextual em-
beddings from transcripts using a pretrained BERT model.

The extracted features from both modalities are combined
and fused to leverage complementary information, enabling a
more effective understanding of the individual’s mental and
emotional state. Additionally, sentiment features are extracted
from the textual data to capture emotional information, which
further helps improve the overall performance of detecting de-
pression.

A. Dataset

This work uses the E-DAIC WOZ dataset, a semi-clinical mul-
timodal dataset introduced by DeVault et al. [28,29], designed
for automated mental health assessment. It comprises 275
semi-structured human-computer interviews conducted with a
virtual assistant, operating in both Wizard-of-Oz (human con-
trolled) and fully autonomous interaction modes. The dataset
is split into training, development, and test sets while preserv-
ing speaker diversity in terms of age, gender, and depression
severity based on the eight-item PHQ-8 [27]. The training and
development sets contain a mix of human-controlled and Al-
driven sessions, whereas the test set consists exclusively of fully
automated interactions [28]. Each interview includes synchro-
nized audio recordings, textual transcripts, and pre-trained mul-
timodal features, with clinically validated labels such as PHQ-8
scores and PTSD severity measures.

B. Data Pre-processing

As the proposed system utilises multiple modalities as input,
preprocessing was carried out separately for each modality.

1) Text Pre-processing: Textual transcripts were preprocessed
to improve data quality while preserving semantically impor-
tant linguistic information. The preprocessing pipeline involved
merging the PHQ transcripts with train, development, and test
splits using a common participant identifier to ensure proper
alignment with labels.

2) Sentiment Feature Extraction: To enrich textual represen-
tations, sentiment-based features were extracted using a lo-
cally stored RoOBERTa-based model. Long transcripts were seg-
mented into overlapping chunks of up to 510 tokens with a
stride of 256 tokens using a sliding window approach. Each
chunk was processed independently to obtain sentiment proba-
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bilities such as negative, neutral, and positive.

3) Audio Pre-processing: Audio preprocessing aims to en-
hance signal quality, remove noise, and isolate the target
speaker for effective feature extraction and model training. All
audio recordings were resampled to 16 kHz for consistency, and
non-relevant introductory and ending segments were removed.
Speech regions were identified using WebRTC Voice Activity
Detection (VAD) [30]. Speaker separation was performed by
extracting embeddings using Resemblyzer [31], followed by
K-means clustering [22]. Noise reduction included high-pass
filtering, declipping, spike removal, and soft compression, fol-
lowed by peak normalization.

C. Training

The proposed multimodal framework was trained separately
on textual and audio modalities to effectively learn contextual,
acoustic, and emotional patterns associated with depression.

1) Text-based Training: The text-based framework was trained
using a multi-task learning strategy involving depression classi-
fication and auxiliary sentiment prediction. Cross-entropy loss
was employed for both tasks, with lower weight assigned to the
auxiliary sentiment loss. To address class imbalance, weighted
random sampling with softened class weighting was adopted.
The model was optimized using the AdamW optimizer with
learning rate scheduling, warm-up, gradient clipping, dropout,
and layer normalization. Since predictions were generated at
the utterance level, session-level depression predictions were
obtained using aggregation strategies such as mean probability,
confidence-weighted mean, and median probability.

2) Audio-based Training: The audio-based framework was
trained using acoustic and prosodic representations extracted
using a WavLM-based encoder from the preprocessed speech
signals. The extracted audio representations were used to train
a depression classification model. Optimization was performed
using the AdamW optimizer along with learning rate scheduling
and gradient clipping. Utterance-level or segment-level predic-
tions were aggregated to obtain session-level predictions.

D. Fusion

The proposed system adopts a two-stage fusion strategy that
combines textual, sentiment, and acoustic representations to ob-
tain a unified session-level depression prediction.

1) Utterance-Level Gated Fusion: At the utterance level, text
and audio embeddings are combined using a learned gated fu-
sion mechanism. The text branch produces a 128-dimensional
embedding by concatenating four BERT pooling strategies,
forming a 4 x 768-dimensional vector projected to 128 di-
mensions using a linear layer with LayerNorm and GELU.
The audio branch produces a 128-dimensional embedding from
WavLM frame-level hidden states pooled using an attention
pooling layer. The two embeddings are concatenated and
passed through a gating network:

g:U(Wg[eﬁea]+bg) (D

where e; and e, denote the text and audio embeddings respec-
tively, W, is a learned weight matrix, and o is the sigmoid ac-
tivation. The gate ¢ is split into text-specific (g;) and audio-

Page 3

(Thiswork islicensed under a Creative Commons Attribution 4.0 International License.)



Published by :
https://lwww.ijert.org/
An International Peer-Reviewed Jour nal

International Journal of Engineering Research & Technology (IJERT)

TABLE I. Comparison of existing approaches for mental health detection.

I SSN: 2278-0181

Vol. 15 Issue 08, August - 2026

Sr. Accuracy / . . SA
No. Author Dataset Method F1-Score Classification Present
1 Alvarez et al. [14] EHRs RF, LR, k-NN, NB, SVM 0.72 /- Binary Yes
2 Tiwari et al. [15] Twitter DT, RF, ML methods -/ - Binary Yes
3 Selvaetal. [13] Reddit, Twitter word2vec + BERT + Bi-LSTM 98.5% | — Binary Yes
4 Borah et al. [19] Reddit, Twitter LR, NB, RF, SVM, LSTM, BERT 93.28% / — Multi-class Yes
5 Hassan et al. [21] DAIC-WOZ SVM, GMM, CNN, RNN, LSTM —/- Binary No
MODMA, . X o . .
6 Zhang et al. [20] DAIC-WOZ, COAD DL (speech, 30s samples) —/0.94,0.67,0.93 Binary No
7 Jadhav et al. [22] E-DAIC, PHQ-8 Ensemble (LR, SVC, RF, GB) + Mamdani 99.54% | — Binary No
8 Gandhi et al. [23] Multiple Multimodal Fusion (Speech + Visual + Text) -/ - Multi-class Yes
SMP2020, . . o .
9 Wang et al. [24] weibo_ senti__ 100k Multimodal (Text + Visual) 99.10% / — Binary Yes
. DAIC-WOZ, . .
10 Ikeuchi et al. [17] PROMPT Llama, Gemma, Mistral (QLoRA) -/0.84 Binary No
11 Liu et al. [25] DAIC-WOZ CNN + SE blocks (Mel-spectrogram) -/0.86 Binary No
12 Iyortsuun et al. [26] DAIC-WOZ ACMA + Bi-LSTM (Multimodal) 75.8% | - Binary No

specific (g,) components. An element-wise interaction term is
also computed, and all three are concatenated to form the fused
representation:

f=19:0€; ga®eq; et @eq) )

where © denotes element-wise multiplication. The resulting
vector f is linearly projected to 256 dimensions and then passed
through a residual block, wherein the MLP consists of two
blocks of LayerNorm, GELU activation, and dropout, with an
intermediate 256-t0-256 linear transformation.

2) Attention Pooling: Since audio features are extracted frame-
by-frame from WavLM, an attention pooling mechanism is em-
ployed to aggregate frame-level representations into a single ut-
terance embedding:

€y = Z softmax(s;) - h; 3)

where h; are the WavLLM hidden states and s; are the learned
attention scores.

3) Session-Level Fusion via BIGRU: To capture temporal de-
pendency across a clinical interview, a Bidirectional Gated Re-
current Unit (BiGRU) session encoder is applied on top of the
utterance-level embeddings. For each utterance i, the text em-
bedding, audio embedding, and their element-wise interaction
are concatenated and projected:

2 = proj(fe;”; efMsef” @ ell]),  proj: R+ R (@)

The projected sequence is fed into the BiGRU:

H = BiGRU(zW, ... z™) 5)

The BiGRU produces hidden states H € R™*128 (64 units per
direction). Attention pooling is applied to obtain a session-level

vector, passed through a linear classification head.
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4) Calibration and Threshold Tuning: Temperature scaling is
applied as a post-hoc calibration step. A single learnable tem-
perature parameter 7" is optimized on the development set by
minimizing cross-entropy loss on the scaled logits Z/7. The
decision threshold is tuned on the development set by maximis-
ing balanced recall, constrained to the range [0.30, 0.70].

IV. RESULTS

The proposed system was evaluated on the E-DAIC WOZ test
split (56 sessions, 4,614 utterances) across four depression-
detection configurations and two sentiment-classification gran-
ularities.

A. Depression Detection

Table II outlines the test-set performance across all four config-
urations. The text-only BERT model achieved the highest over-
all accuracy (73.21%) and macro F1-score (0.7214). The audio-
only WavLM model reached 67.86% accuracy but showed
a pronounced recall imbalance (91.43% Non-Depressed vs.
28.57% Depressed). The Fusion MLP achieved the highest
precision for the Depressed class (72.73%), reducing false-
positive predictions relative to the text-only model (62.50%).
The Session BiGRU obtained the highest Depressed-class re-
call (71.43%), at the cost of lower overall accuracy (58.93%).
Fig. 2 depicts the precision—recall trade-off.

TABLE II. Depression Detection Performance on the E-DAIC
WOZ Test Set

Model Acc. Prec. Rec. Macro F1
Text-only (BERT) 0.7321 0.7188 0.7286 0.7214
Audio-only (WavLM) 0.6786 0.6738  0.6000 0.5902
Fusion MLP (BERT+WavLM) 0.7143 0.7192 0.6476 0.6500
Session BiGRU 0.5893  0.6094 0.6143 0.5881
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Input

Raw Audio

Audio

Audio Pre-processing

e Trim intro/outro (70s / 40s)

e VAD segmentation (WebRTC)
e Speaker separation (K-means)
o High-pass filter (60 Hz)

® Declip + spike removal

e Soft compression

e Peak normalization

Acoustic Feature Extraction

e MFCC
e Prosodic features
e Pitch variance

Corresponding Transcripts

Text Pre-processing

e Space normalization

e Filler removal (uh, um, hmm)

o Interviewer artifact removal

e Sentence boundary fix

e Short utterance removal (<3 words)

Sentiment Extraction

o RoBERTa-based model

o Sliding window (510 tok)
® p_neg, p_pos scores

e Sentiment strength score

Text Feature Extraction

e BERT chunking (512 tok)
® 50% overlap stride

e CLS embeddings

e Weighted by chunk count

Feature Fusion
(BERT CLS + p_neg + p_pos + Sentiment Strength)

o BertWithSentiment model

e Linear(768+3, 2) classifier

e Focal Loss + class weighting
e Dev threshold tuning

Depression Detection + Sentiment Prediction

Fig. 1. Proposed multimodal pipeline for depression detection using the E-DAIC-WOZ dataset.

1 -
0.71 ) 0.73 0.71
2 0.63 0.67
0.47
@ 0.5 0.38
0.29
0
Text-only Audio-only  Fusion MLP Session BiGRU

[ Precision (Dep.) ] Recall (Dep.)

Fig. 2. Precision—recall trade-off for the Depressed class across
the four model configurations.

B. Sentiment Classification

The auxiliary sentiment head, trained jointly with the text
branch, achieved 87.34% accuracy (macro F1 = 0.8734) at the
utterance level across 4,614 test utterances. Aggregating pre-
dictions to the session level using a tuned threshold of 0.5206
yielded 85.71% accuracy (macro F1 = 0.8564) across the 56 test
sessions.

V. DISCUSSION

The results indicate that text and audio modalities contribute
complementary information rather than redundant signal. The

IJERTV 151 S080661

BERT text encoder captures linguistic depression markers ef-
fectively but on its own is prone to false positives, while
the WavLLM audio encoder, despite lower standalone accuracy,
supplies acoustic cues that sharpen precision when combined
through the gated fusion mechanism. This is reflected in the
Fusion MLP’s improved Depressed-class precision (72.73% vs.
62.50% for text-only), which is clinically relevant since it re-
duces unnecessary referrals. Compared to prior DAIC-WOZ
fusion models such as the ACMA framework by Iyortsuun et
al. [26] (75.8% accuracy), the proposed Fusion MLP achieves
a comparable 71.43% accuracy while additionally performing
joint sentiment classification, a capability absent from existing
DAIC-WOZ depression-detection systems.

The gap between utterance-level and session-level perfor-
mance suggests that temporal dynamics are harder to learn from
the small labelled set (21 Depressed, 35 Non-Depressed ses-
sions in the test split), though the BiGRU’s higher Depression-
class recall makes it a useful complementary high-sensitivity
signal alongside the higher-precision Fusion MLP.

The consistently strong sentiment classification performance
at both utterance (87.34%) and session (85.71%) levels con-
firms that the shared BERT encoder generalises well across the
two related tasks, supporting the multi-task design choice.
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VI. CONCLUSION

This paper presented a multimodal approach for depression de-
tection that combines textual and acoustic representations ex-
tracted from patient interviews in the E-DAIC WOZ dataset.
Four configurations were evaluated: a text-only model, an
audio-only model, an utterance-level gated fusion model, and
a session-level BIGRU model. The text-only model achieved
the highest overall accuracy (73.21%), while the gated fu-
sion model achieved the highest precision for the Depressed
class (72.73%). The session-level BiGRU achieved the high-
est Depressed-class recall (71.43%), making it a useful high-
sensitivity signal for flagging at-risk patients. The auxiliary
sentiment classification head achieved strong performance at
both the utterance level (87.34% accuracy) and the session level
(85.71% accuracy). These findings show that the proposed sys-
tem achieves performance comparable to existing DAIC-WOZ-
based approaches while uniquely combining depression detec-
tion with sentiment classification, offering added clinical in-
terpretability beyond single-task depression screening systems.
Future work will explore incorporating additional modalities
such as facial expressions, expanding the model to detect re-
lated conditions such as anxiety and stress, and validating the
system on larger and more diverse clinical datasets.
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