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Abstract

Depression is one of the most important psychiatric dis-
orders diseases. Early detection and intervention have a
better impact on treatment outcomes. Depression symp-
toms typically manifest from ECG emotion and voiceprint.
However, due to the heterogeneity, it is challenging to
extract effective representations from various modalities.
To address this issue, we propose a Lstm-based sinc net-
work (Sinc-Lstm) to extract time-frequency domain fea-
tures from both ECG and speech. Then, we employ a cross-
modal attention mechanism to fuse these features based
contrastive learning. Finally, we collect EEG and speech
dataset for depression detection (ESDD). Comparative ex-
periments were conducted on ECG emotion dataset (WE-
SAD) and ESDD. Emotional classification accuracy on the
WESAD dataset is 0.95, with an F1 score of 0.98. Depres-
sion classification accuracy on the ESDD dataset is 0.81,
with an F1 score of 0.75. The results show that the crossed-
attention mechanism along the temporal dimension effec-
tively aggregates relevant features from various time peri-
ods, thereby realizing accurate and comprehensive depres-
sion assessment.

1. Introduction

Depression is one of the most important psychiatric dis-
orders diseases. Early detection and intervention have a
better impact on treatment outcomes. However, there is
currently a lack of objective and effective detection meth-
ods. Currently, emotion recognition and multimodal fu-
sion are widely applied in medical health. For depression
detection tasks, effectively leveraging emotional features
and integrating the depressive characteristics of different
modalities can enhance the effectiveness and interpretabil-
ity of depression detection.

Most emotion detection methods rely on behavioral
recognition approaches like speech and facial recognition.
However, these features can be easily masked through

subjective control, making them insufficient for accu-
rately identifying emotions [1]. In contrast, physiologi-
cal signals, regulated by the autonomic nervous and en-
docrine systems, offer objectivity, authenticity, and re-
liability. Among these, electrocardiogram (ECG)-based
strategies [2] are comfortable and convenient, suitable for
mobile applications, wearable devices, and remote moni-
toring [3]. Users can effortlessly monitor their emotions
in daily life. Speech, being more privacy-preserving than
facial expressions or gestures, makes the effective fusion
of ECG and speech signals particularly important.

Considerable research has been conducted in the field
of ECG emotion recognition. Current approaches gener-
ally fall into three categories: the two-dimensional model
(Valence-Arousal), the three-dimensional model (Valence-
Arousal-Dominance), and discrete emotion classification.
ECG signals contain rich physiological information, in-
cluding time-domain characteristics, heart rate variability,
and morphology features [4]. Classification algorithms
used include KNN, SVM, random forests, and XGBoost.
In deep learning, Behnam Behinaein introduced a neural
network architecture combining convolutional layers and
Transformer [5], while Ross Harper proposed emotion va-
lence classification from unimodal ECG time series using
a Bayesian framework [6]. Speech, a key medium for ex-
pressing emotions, shows distinct features in depression
patients, such as reduced and sluggish speech, low mood,
indecisiveness, and crying during interviews [7]. Explor-
ing its integration methods is crucial [8].

Therefore, this study investigates depression recognition
based on ECG emotion and voiceprint features. The main
contributions are summarized as follows:

1. We propose a LSTM-based sinc [9] network (Sinc-
Lstm) to extract time-frequency domain features from
both ECG and speech signals, enabling the acquisition of
aligned feature encodings from different modalities.

2. To integrate the complementary information from
ECG and speech, a cross-modal attention mechanism is
employed based on emotion and voiceprint pre-training,
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Figure 1. The architecture of cross-modal Attention fusion of ECG Emotion and voiceprint. (a) Unified ECG and voiceprint
feature encoder. (b) Cross-modal attention mechanism. (c) Modality interaction block.

enhancing the interpretable and robustness of emotion
recognition.

3. We collected datasets for depression detection in-
volving both ECG and speech (ESDD). We conduct com-
prehensive experiments on public ECG emotion dataset
(WESAD) and ESDD, obtaining superior or comparable
results.

2. Proposed Method

To address the heterogeneity of ECG and speech, we
employ the same architecture encoder, Sinc-Lstm, to ex-
tract time-frequency feature representations from both sig-
nals. For ECG signals, we conduct pre-training on emo-
tion datasets, while for speech signals, we pre-train us-
ing voiceprint features. Subsequently, we conduct con-
trastive learning, utilizing intra-modal contrastive loss to
extract shallow depression representations from each sig-
nal and align them within a unified feature space. Then, we
employ a cross-modal attention mechanism to fuse these
representations, enhancing the mutual constraints between
different modal representations. The overall model archi-
tecture is illustrated in Figure 1.

In this study, we employ an LSTM-enhanced Sinc filter
network, called Sinc-Lstm, which compels the first convo-
lutional layer to discover more meaningful filters, as de-
picted in Figure 1 (a). SincNet is based on parameterized
sinc functions to implement bandpass filters [9]. Unlike
standard neural networks that learn all elements of each
filter, our proposed method learns only the low cutoff fre-
quency and high cutoff frequency directly from the data:

g[n, f1, f2] = 2f2sinc(2πf2n)− 2f1sinc(2πf1n), (1)

The sinc function is defined as sinc(x) = sin(x)/x.
Subsequently, for subsequent features, integration is per-
formed through recurrent neural networks:

xlstm = LSTM(xsinc), (2)

where, LSTM refers to Long Short-Term Memory neu-
ral network. It can better capture important narrowband
speaker characteristics in the speech domain, such as pitch
and resonance peaks, as well as other audio features. Com-
bining this filter with recurrent neural networks enables
further extraction of ECG time-frequency domain features
based on the proposed filter, leading to faster convergence
and achieving natural inductive biases. Moreover, the
learned filter parameters exhibit stronger interpretability,
as the Sinc feature maps obtained in the first convolutional
layer are understandable and match the manually extracted
frequency domain features.

Figure 1 (b), (c)illustrates the self-supervised and fu-
sion training process for multimodal signals. Initially,
contrastive learning pre-training is conducted on the en-
coders for both ECG and speech, employing infoNCE to
drive better alignment and understanding of features across
modalities, thus establishing intrinsic connections between
them. Subsequently, a cross-modal attention mechanism
[10] is employed. This mechanism establishes precise and
effective information transmission channels between sig-
nals of different modalities, enabling the model to dynam-
ically focus on and extract key information segments based

Page 2



on the causal relationships and dependencies between dif-
ferent modalities. In the cross-modal attention mechanism,
for an input vector xm ∈ Rts×ds , where m ∈ (E,A) indi-
cates ECG and audio,ts, ds are the dimension of time and
frequency.

Attention(QE ,KA,V A) = softmax

(
QEK

T
A√

ds

)
V A,

(3)
where Qm, Km, and V m correspond to queries, keys, and
values respectively, representing different modalities. This
enables effective integration of depression-related infor-
mation from different modalities while maintaining their
consistency and complementarity. Ultimately, this ap-
proach facilitates depression recognition based on emotion
and voiceprint features.

3. Experimental Evaluation

WESAD: A dataset for monitoring psychological stress
and emotion based on wearable devices. This dataset
records physiological and motion data from 15 subjects us-
ing wearable devices worn on the wrist and chest. For the
purpose of this project, the ECG signals are utilized, sam-
pled at 700Hz, with labels defined as follows: transient (0),
baseline (1), stress (2), amusement (3), meditation (4). Af-
ter data preprocessing and segmentation, the proportions
of the corresponding ECG segments are 48.39%, 20.36%,
11.32%, 6.42%, and 13.50%. The emotion classification
results are reported based on the segmented samples.

ESDD: We have collected a new ECG and speech de-
pression dataset to facilitate research on depression detec-
tion. It comprises 18 depression and 22 normal controls
(NC). All volunteers have signed informed consent forms
and have assured the authenticity of the provided informa-
tion. Each volunteer completed the PHQ-9 questionnaire,
answering six questions, including reading aloud, positive,
neutral, and negative questions, along with two TAT as-
sessments.

Implementation Details: The sampling rate of the
ECG is uniformly converted to 250 Hz. The sampling rate
of the speech signals is uniformly converted to 16000 Hz,
single-channel. The experiments are implemented using
PyTorch 1.13.1 on an NVIDIA GeForce RTX 3090. To
evaluate the model performance, metrics such as accuracy
(ACC), precision (PRE), recall (REC), F1 score, and area
under the curve (AUC) are utilized. The final individual
predictions are obtained through segment voting. Specifi-
cally, F1 score, precision, and recall scores are averaged
over the depression and NC categories, while the AUC
score is computed considering depression as the positive
class.

For ECG emotion features, we first conduct pre-training
on the WESAD dataset, comparing the proposed Sinc-

Lstm model with the AST model [11]. The effectiveness of
the emotion recognition model is validated using a depen-
dent subject approach though Hold-out Method. Differ-
ent fixed window lengths and window functions of short-
time fourier transform (STFT) are applied to the WESAD
dataset to obtain corresponding ECG time-frequency spec-
trograms. These spectrograms are then input into the E-
AST to obtain the final classification results. From Ta-

Figure 2. t-SNE visualization of Sinc-Lstm ECG emotion
features.

ble 1, it can be observed that the model prediction accu-
racy is low when using undenoised time-frequency spec-
trograms. Moreover, when comparing different window
lengths and window functions, it is found that window
length has a greater impact, although the model F1 scores
vary minimally. Subsequently, network comparison ex-
periments are conducted, where raw data is cropped into
10-second segments as input to the model, resulting in
higher accuracy and F1 scores, all attributed to the AST
model with fixed STFT variations. Figure 2 shows the
feature distribution of the Sinc filter, reduced in dimen-
sionality using t-SNE. The Sinc-Lstm network exhibits
better recognition performance. For emotion recognition
based on ECG, longer ECG signals (approximately 10
seconds) are preferred. Moreover, compared to the re-
sults obtained using the fixed-resolution E-AST model,
ECG emotion recognition tasks require the ability to ef-
fectively extract features at different frequency resolutions
to achieve better results. Ultimately, comparative exper-

Table 1. Emotional classification results of Sinc-Lstm and
E-AST models on the WESAD dataset (%). Bold is the
best.

Method Window Length Padding ACC REC PRE F1

E-AST

Hanming(raw) 128 256 63.49 93.26 31.49 47.08
Hanming 128 256 78.52 98.14 30.32 46.32

Rectangular 128 256 77.23 97.79 30.34 46.31
Hanming 256 256 73.31 90.36 31.90 47.15

Sinc-Lstm × × × 95.15 98.01 98.80 98.41

iments were conducted on different cross-modal fusion
approaches by integrating electrocardiogram emotion fea-
tures with voiceprint features in signal processing. In the
case of subject-independent analysis, we conduct experi-
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ments using five-fold cross-validation. The ECG encoder
utilizes weights from a Sinc filter pre-trained on the WE-
SAD dataset to capture emotion and stress variation fea-
tures in the experiments. The modal fusion was performed
using three approaches: fully connected networks, graph
attention networks, and cross-modal attention. The results
are presented in Table 2. It is evident that utilizing only
speech for depression detection yields an AUC of 0.6265
and an F1 score of 0.6154. However, the fusion of ECG
and speech outperforms depression detection using solely
speech, as indicated by various evaluation metrics. Fur-
thermore, employing a cross-modal attention mechanism
achieves the optimal AUC of 0.8527 and an F1 score of
0.7556. This validates that adopting a cross-modal atten-
tion along the temporal dimension of ECG and speech fea-
tures effectively aggregates relevant features from different
time periods, thereby realizing more accurate depression
detection.

Table 2. Depression classification results using different
fusion methods on the ESDD dataset (%). Bold is the best.

Method Modal ACC F1 AUC PRE RECALL
Sinc-Lstm Speech 72.50 61.54 62.65 67.67 62.05

FC ECG Speech 75.50 67.04 84.37 66.63 68.14
GAT ECG speech 76.00 70.57 83.78 71.35 73.00

Cross-modal attention ECG speech 81.00 75.56 85.27 79.28 75.85

4. Conclusion

Based on the emotional features extracted from ECG
signals and voiceprints, this paper proposes a cross-modal
attention fusion method for depression detection. It em-
ploys the same architecture encoder, Sinc-Lstm, to extract
the time-frequency feature representations of the signals.
Subsequently, fusion is achieved through contrastive learn-
ing and cross-modal attention. Extensive experiments are
conducted on the WESAD dataset for ECG dataset and a
self-built ESDD dataset. The accuracy of emotional classi-
fication for ECG signals reaches 0.9515, with an F1 score
of 0.9841, validating the effectiveness of the model in ex-
tracting emotional features. In the modal fusion experi-
ments on the ESDD dataset, comparing the fusion methods
of fully connected networks, GAT, and cross-modal atten-
tion, all yield optimal results. Ultimately, by integrating
ECG and speech signals, the method obtains rich and com-
prehensive feature representations, enhancing the accuracy
and interpretable of depression recognition.
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