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Abstract

Depression affects emotional expression and perception.
As a non-invasive and privacy-preserving method, speech is
widely used for automatic depression detection. However, ex-
isting models often focus only on depressive features in speech,
ignoring the differential emotion expression patterns across dif-
ferent emotion-inducing tasks. To address this, we propose an
emotion-guided graph attention network (emoGAT) for depres-
sion detection. By collecting speech-text data from depressed
individuals and healthy controls during emotion-inducing tasks,
we construct graph embeddings using sentiment cues from both
speech and text. Experimental results show our method re-
duces the standard deviation by 1.8% and improves accuracy by
4.36%. Graph attention visualization also reveals depression-
specific characteristics, such as flattened prosody in neutral pic-
ture description tasks and cognitive biases toward negative in-
formation, offering deeper insights into emotional relational ex-
pressions.
Index Terms: emotion-inducing experiment, depression detec-
tion, multimodal learning, graph attention networks

1. Introduction

Adolescent depression is a growing public health concern
worldwide, with rising prevalence rates, particularly in China,
where estimates vary due to methodological differences. Some
surveys report a 24.6% screening rate for depressive symptoms,
emphasizing the need to distinguish between transient emotions
and diagnosable depression. Current diagnostic practices rely
on clinical interviews and self-report scales like the BDI and
HDRS, but adolescents often show atypical symptoms (e.g.,
irritability, somatic complaints, academic decline) that differ
from adult patterns, leading to misdiagnosis. Objective diag-
nosis is essential for avoiding biases in subjective assessments,
enabling early screening, and improving treatment outcomes.
However, biomarker research remains underdeveloped, lacking
reliable physiological indicators.

Speech communication, as an easily accessible biomarker,
is becoming a mainstream diagnostic marker for adolescent de-
pression, particularly due to its non-invasive nature and capac-
ity to capture nuanced psycholinguistic patterns associated with
depressive symptomatology. This modality shows particular
promise in clinical assessments and large-scale screening pro-
tocols, offering both ecological validity and cost-effectiveness
compared to traditional neurobiological markers. In recent
years, numerous studies have applied deep learning models to
speech-based depression detection. Attention mechanisms [1]
have played a crucial role in improving these models, leading to
the development of Transformer-based and Graph Neural Net-
work (GNN)-based architectures. For instance, Xu et al. uti-
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lized Transformer-based models with speech-emotional expres-
sion cues to identify depressive speech patterns [2]. Sun et al.
introduced a GCN-based model for depression detection by ex-
ploring the inter-class variability and intra-class audio consis-
tency [3]. However, most existing methods primarily focus on
dependencies within or between audio frames, neglecting the
structural relationships of latent emotional cues across different
emotion-inducing tasks.

Depression is a prevalent mental health disorder that signifi-
cantly affects both psychological and physiological well-being.
One of its key characteristics is altered emotional perception
and expression, where individuals with depression often exhibit
diminished positive affect and heightened sensitivity to nega-
tive stimuli compared to healthy individuals [4, 5, 6]. Psy-
chological studies have explored emotion-inducing paradigms
[7, 8,9, 10] and analyzed behavioral differences between indi-
viduals with and without depression during tasks such as read-
ing effective texts, describing affective pictures, and watching
affective films. Among these modalities, speech-based data has
gained significant attention due to its accessibility and ability
to preserve patient privacy better than video-based approaches,
making it a valuable data type for deep-driven depression detec-
tion [11, 12, 13, 14].

In this work, we recruited both depressed and healthy ado-
lescents and guided them through multiple emotion-inducing
tasks, including text reading and picture description. Speech
data collected from these tasks was processed using automatic
speech recognition (ASR) to obtain both audio and text modal-
ities for depression detection. To explore the impact of dif-
ferent emotion-inducing tasks on depression classification, we
employed a Graph Attention Network (GAT) [15] to aggregate
utterance features across tasks, learning graph-based utterance
representations for downstream classification. We also incor-
porated acoustic and semantic sentiment labels to construct ad-
jacent matrices as graph masks, guiding GAT to capture intrin-
sic emotional relationships between tasks. Experiments demon-
strate that integrating acoustic and semantic emotional informa-
tion to construct cross-task utterance attention enhances GAT
performance. To further interpret the model’s learning process,
we also visualized GAT’s attention patterns for depressed and
healthy subjects across different emotion-inducing tasks.

In summary, this study proposes a novel depression detec-
tion framework based on speech emotion-inducing tasks. It
leverages both acoustic and semantic sentiment labels to guide
graph attention learning. By visualizing attention differences
between depressed and healthy subjects, we validate the effec-
tiveness and interpretability of our approach.
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Figure 1: The overall architecture of emotion-guided graph attention networks for speech-based depression detection.

2. Methods

Figure 1 presents an overview of our proposed model, which
consists of five main components: feature extraction, acoustic
and semantic sentiment annotation, emotion-guided graph at-
tention networks, multimodal fusion, and classification. Each
component is described in detail below.

2.1. Feature Extraction

For audio data, we extract features using the pre-trained model
HuBERT [16], utilizing embeddings from the 24th layer as
acoustic representations. Corresponding semantic features are
extracted using a pre-trained model RoBERTa [17].

2.2. Acoustic and Semantic Sentiment Annotation

Each utterance is assigned an acoustic sentiment label s €
{+,0,—} based on HuBERT-extracted features with a pre-
trained model to classify emotions as neutral (0), positive (+),
or negative (-). For semantic sentiment analysis, we employ
the Hownet-based Chinese sentiment analysis library cnsenti'
[18], using the sentiment_calculate function to compute sen-
timent scores. This function accounts for intensity adverbs and
negation effects, computing both positive and negative scores.
The final sentiment score is obtained by subtracting the nega-
tive score from the positive score. The semantic sentiment label
st € {+,0,—} of each utterance is noted as positive (+) if the
score is greater than zero, neutral (0) if equal to zero, and nega-
tive (-) if less than zero.

2.3. Emotion-Guided Graph Attention Networks

GAT utilize self-attention mechanisms similar to Transform-
ers, where graph attention layers compute updated node embed-

Uhttps://github.com/hiDaDeng/cntext
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dings by weighting neighboring node features based on learned
attention coefficients. To enhance GAT’s performance for de-
pression detection, we introduce both acoustic and semantic
sentiment labels to construct adjacency matrices, ensuring at-
tention is directed towards utterances with similar emotional
characteristics. These coefficients determine the importance of
connections between utterances, emphasizing those with simi-
lar emotional expressions. By aggregating features from utter-
ances sharing the same non-neutral emotion, we (1) mitigate
noise from irrelevant utterances and (2) capture intrinsic emo-
tional relationships across different emotion-inducing tasks.

2.3.1. graph attention layer

Each utterance represents a graph node. Each graph attention
layer takes acoustic features x* or semantic features x° ex-
tracted from each utterance as input. For simplicity, we omit

_ (= = — — F
a and t as features x = {z{,Z3,...,TN} where z; € R".
Each graph attention layer outputs a§regated graph embed-

dings h' = {R}, h},... h/x}, where b € R¥".

2.3.2. Attention Score Calculation

Then we use multi-head self-attention to capture the interaction
between any two utterances from emotion-inducing tasks.

ai; = a(WE|[WE}) = a(hi] [h;) (1)

First, we use a linear mapping with shared parameters W
to transform the node features x; into high-order features, con-
catenate the transformed features, and then use multi-head self-
attention to calculate attention coefficients to each node for
each head k, where a is a shared attention mechanism. Here,
W € RF*F and a € RY2F are two matrices with learnable
parameters, and “||” denotes concatenation. To better normalize




Table 1: Classification result in utterance level (mean and standard deviation of 5-fold cross verification).

Modality Model Fusion Accuracy F1-Scores Accuracy Recall

Audio Transformer[2] - 65.67% (3.61%)  65.55% (3.59%)  66.33% (3.06%)  66.16% (3.06%)
Audio+Text  Transformer[2]  concatentation 73.47% (3.53%) 73.44% (3.51%) 73.90% (3.07%)  73.93% (2.98%)
Audio+Text  Transformer[2] addition 73.81% (2.62%) 73.67% (2.70%) 73.94% (2.78%)  73.93% (2.54%)
Audio+Text  Transformer[2]  multiplication 73.54% (2.65%)  73.39% (2.74%)  73.73% (2.85%)  73.67% (2.63%)

Audio emoGAT - 74.99% (3.60%)  74.93% (3.62%)  75.27% (3.35%)  75.34% (3.19%)
Audio+Text emoGAT concatentation | 75.38% (3.55%) 75.35% (3.57%) 75.70% (3.23%) 75.80% (3.10%)
Audio+Text emoGAT addition 75.49% (3.13%)  75.43% (3.20%)  75.58% (3.14%)  75.75% (2.95%)
Audio+Text emoGAT multiplication 75.39% (3.58%)  75.34% (3.59%)  75.66% (3.30%)  75.75% (3.15%)

Table 2: Classification result in subject level (mean and standard deviation of 5-fold cross verification).

Accuracy

F1-Scores

Accuracy

Recall

Modality Model Fusion
Audio Transformer[2] -
Audio+Text  Transformer[2]  concatentation
Audio+Text  Transformer[2] addition
Audio+Text  Transformer[2] multiplication
Audio emoGAT -
Audio+Text emoGAT concatentation
Audio+Text emoGAT addition
Audio+Text emoGAT multiplication

78.48% (8.47%)
82.75% (7.21%)
85.60% (6.75%)
84.17% (8.38%)
83.53% (8.14%)
87.11% (5.41%)
84.17% (7.15%)
84.17% (8.38%)

78.40% (8.50%)
82.59% (7.29%)
85.55% (6.78%)
84.14% (8.39%)
83.46% (8.19%)
87.06% (5.45%)
84.08% (7.87%)
84.14% (8.39%)

78.86% (8.36%)
83.84% (6.89%)
86.18% (7.11%)
84.51% (8.52%)
84.09% (8.03%)
87.65% (5.16%)
84.61% (7.87%)
84.51% (8.52%)

78.50% (8.45%)
82.79% (7.10%)
85.64% (6.85%)
84.21% (8.41%)
83.59% (8.14%)
87.18% (5.40%)
84.15% (7.88%)
84.21% (8.41%)

attention weights across all neighboring nodes j, we use soft-
max normalization and LeakyReLU as the activation function.

exp(LeakyReLU(as;))
die N, €XP (LeakyReLU(a;;)

(@)

Q5 =

where «;; denotes the attention weight between node ¢ and
node j.

2.3.3. Emotion-Guided Adjacent Matrix

If there is no extra information incorporated, the graph will
just be fully connected, and the adjacent matrix will be an all-
one matrix. To guide GAT to capture intrinsic emotional rela-
tionships across different emotion-inducing tasks, we introduce
acoustic sentiment labels s* and semantic sentiment labels s to
construct the adjacent matrix as the attention mask:

. @ij, si =570
A5 =
’ 0, otherwise
where s; denotes the sentiment label of node . For sim-
plicity, we omit a and ¢t. Two nodes will only be connected if
they have the same non-neutral sentiment label. Then the fi-
nal graph embedding will be calculated by aggregation across
neighboring nodes and average pooling over K heads:
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2.4. Multi-modal Fusion

We integrate the learned graph embeddings from speech and se-
mantic modalities using three fusion strategies: concatenation,
element-wise addition, and element-wise multiplication. These
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strategies are evaluated to determine the optimal approach for
maximizing classification performance.

2.5. Classification Layer

The fused graph embeddings are passed through a fully con-
nected network for final classification. Cross-entropy loss is
used for optimization, ensuring robust discrimination between
depressed and healthy subjects.

3. Experiments and Analysis
3.1. Dataset and Experimental Settings

We recruited 70 individuals diagnosed with depression and 70
healthy controls to participate in emotion-inducing tasks while
recording their speech using a lapel microphone. To mitigate
the influence of gender-related differences, we maintained a 2:5
male-to-female ratio in both groups.

The emotion-inducing tasks included text reading (task
1) and picture description (task 2). In task 1, participants
read three passages with negative, neutral, and positive con-
tent (task1l_neg, taskl_neu, taskl_pos). In task 2, participants
described three pictures with corresponding emotional content
(task2_neg, task2_neu, task2_pos), expressing their feelings.
Each participant produced six recordings, resulting in a dataset
of 840 speech samples.

In our experiments, the graph embedding dimension in each
Graph Attention layer was set to 1024. The training process
spanned 50 epochs, incorporating an early stopping mechanism
to halt training if the loss reduction fell below 0.1. We employed
the Adam optimizer with a fixed learning rate of 0.000005, a
batch size of 128 and a dropout rate of 0.2. Performance was
evaluated using accuracy, F1-score, precision, and recall, based
on subject-independent 5-fold cross-validation.



3.2. Data Preprocessing

First, we utilize the ASR toolkit Wenet?[19] to transcribe the
collected speech data to obtain the accompanying text data.
Silent segments are removed, and the speech is segmented into
utterance-level clips based on the transcribed text. The final data
will receive manual verification to ensure precise alignment be-
tween the audio and the corresponding text.

3.3. Results and Analysis
3.3.1. Comparison Experiments

We compared the classification performance of GAT and
Transformer-based models for depression detection. Integrat-
ing speech emotion cues to emoGAT led to significant per-
formance improvements, surpassing Transformer-based models
in all evaluation metrics. Aggregating utterances with similar
emotional attributes enhanced GAT’s utterance-level classifica-
tion accuracy, thereby improving subject-level classification.

Moreover, fusing audio and ASR text modalities by con-
catenation further boosted subject-level classification accuracy
while enhancing the robustness of GAT (as indicated by a lower
standard deviation). This demonstrates the benefits of leverag-
ing multimodal information for depression detection.

3.3.2. Ablation Experiments

In this section, we conduct ablation experiments to further in-
vestigate the impact of different components on the model’s per-
formance. Based on the comparison experiments, the most ef-
fective model fused the Audio and Text modalities through con-
catenation and utilized a GAT architecture instead of the Trans-
former network. To evaluate the importance of specific features,
we performed an ablation experiment where we removed the
adjacency matrix constructed with the guidance of sentiment la-
bels. Instead, we used a fully connected adjacency matrix. The
results showed a significant reduction in both accuracy and ro-
bustness, demonstrating the crucial role of the emotion-guided
adjacency matrix in enhancing model performance.

Table 3: Classification accuracy without emotion-guided adja-
cent matrix (mean and standard deviation of 5-fold cross verifi-
cation).

utterance-level
75.38% (3.55%)
62.13% (9.25%)

Adjacent Matrix
Emotion Guided
Full Connection

subject-level
87.11% (5.41%)
68.65% (13.42%)

3.4. Visualization and Interpretation

To further explore the differential emotion expression pat-
terns across different emotion-inducing tasks in recognizing
depression-related features, we visualized the attention differ-
ences in GAT’s learned representations from both speech (Fig-
ure 2) and text (Figure 3). We computed utterance-wise at-
tention scores based on activation values from different mod-
els (speech and text) and constructed attention matrices for de-
pressed and healthy subjects. These matrices were grouped by
task type, normalized, and analyzed for inter-task differences.
Figure 2 illustrates the attention differences across tasks
and between depressed and healthy subjects. The size of each
node and the thickness of each edge represent the significance

Zhttps://github.com/wenet-e2e/wenet
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of attention differences for specific tasks. Solid edges indi-
cate higher attention weights in depressed subjects compared to
healthy controls, whereas dashed edges indicate the opposite.

a8

Figure 2: Attention differences in speech modality (left) and text
modality (right)

o
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Across both speech and text modalities, attention differ-
ences in neutral text reading (task1_neu) and neutral picture de-
scription (task2_neu) tasks, as well as their connections to other
tasks, were more pronounced in depressed subjects compared
to healthy controls.

In the speech modality (Figure 2, left), depressed sub-
jects exhibited stronger connectivity between neutral picture de-
scription (task2_neu) and neutral text reading (task1_neu) (solid
lines). In contrast, healthy subjects showed stronger connec-
tions between neutral picture description (task2_neu) and both
negative text reading (task1_neg) and positive picture descrip-
tion (task2_pos) (dashed lines). Given the emotional informa-
tion embedded in our attention mechanism, we hypothesize
that this difference arises because depressed individuals tend to
maintain a monotonous speech tone with predominantly neu-
tral affect, leading to stronger intra-neutral task connections.
Conversely, healthy individuals exhibit more prosodic varia-
tions even in neutral tasks, resulting in stronger associations
with emotionally charged tasks.

Unlike the speech modality, in the text modality (Figure 2,
right), depressed subjects demonstrated a stronger connection
between neutral picture description (task2_neu) and negative
text reading (taskl_neg). This suggests that depressed individ-
uals may use more negative emotional expressions when de-
scribing neutral affective pictures. Previous studies have shown
that individuals with depression exhibit negative cognitive bi-
ases, interpreting neutral stimuli more negatively and mak-
ing fewer positive interpretations compared to healthy controls
[20, 21, 22]. Our findings align with this theory, reinforcing the
notion that depressed individuals process neutral stimuli differ-
ently across speech and text modalities.

4. Conclusion

This study explores the effectiveness of different network struc-
tures and modalities in distinguishing depressed patients from
healthy controls using speech and text data. By integrating
modality-specific emotional information with GAT, our ap-
proach improves depression detection accuracy and robustness,
offering a novel way to examine emotion expression patterns
across emotion-inducing tasks. However, the scarcity of suit-
able publicly available datasets remains a limitation. The neu-
tral picture description task is key, showing that healthy controls
have more emotional variation in speech, while depressed indi-
viduals use more negative words. These differences help the
model distinguish between the two groups. Future work will
refine multimodal integration and investigate advanced graph-
based learning techniques for clinical applications.
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