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Multimodal depression detection algorithm based on hybrid neural network
YANG Chuande, LI Haijun, WANG Ruxv, LIU Cong

( School of Computing and Information, Dezhou University, Dezhou 253023, Shandong, China)

Abstract; Depression detection is an important classification task in the field of mental health. Aiming at the low classification
accuracy of single modal algorithm in depression detection, a multi—modal depression detection algorithm based on hybrid neural
network was proposed. For Chinese text information, a hybrid neural network algorithm model based on ESimCSE-BiLSTM-CNN
is built, which can accelerate the convergence speed while considering the local key information. For Chinese audio information,
after GhostVLAD feature aggregation, the audio features are fed into the constructed CNN—-GRU hybrid neural network model based
on multi—head self—-attention, so that the algorithm model can better capture the structure and rule of the input sequence. Finally, by
blending the features of the hybrid neural network model and making full use of the complementary relationship between the modes,
the expression ability of the algorithm model is improved. The test results based on EATD—-Corpus Chinese multimodal depression
detection dataset show that the F'1 value of the proposed algorithm model reaches 90. 90% , which has strong competitiveness in many
mainstream multimodal depression detection algorithms.
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Fig. 2 Sample representation of the log—Mayer spectrum diagram of three kinds of emotions
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Table 1 Audio algorithm model hierarchy and parameter

configuration table

2/ AR AN RN BRI
Multi-Head Attention 1280 1280
Convld 1 280 512 3
Convld 512 256 3
BatchNorm1d 256
Convld 256 128 3
Convld 128 64 3
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Fig. 6 Sample word cloud representation of three types of emotions

2.2 XWEE

SCER AT B LA BEER -5 R Intel Core i7-
11700F, it & NVIDIA GeForce GTX 3080Ti, LA
BRI ) [ S AEJE 2 > 32 B4 VI ZRAe IR o3
BIVBCE R 768 1e—4 128,120 & #9452 Y (14 [n] 5 2
JE 22 3 I RA IR oI 1 280.5e-6,45,
P PRBES BRI AL AR 2 T AdamW, 24K
DA BRI 2 S R YNGR IR B E N Se—-3
300, fifbdsitst T Adam,
2.3 TEMIERR

ARICRH FUAE K003 R0 A 15 3 AR FRAE N
DA b SCA B 73 28 8 MO PR 73 S AR 5
SCAR ARG A TTAR AR I . X T X S84
i, HAH R VERE LT
2.4 ZWHER

ARSCR FH =37 38 S UE Y 77 1 20 55 E S 50 4L A

HDESPY§ e I WOR-VE/TE S N o 1 i 2 B  E T
He SR 3 Ml In1 & I Fe T BE LR S 20 5, 75
SVARSEAUE S AR AE S HUASEA >4 | S BB 53
=Yl gRad e A TR G M2 R 4 1 2 B I ARAE
Rl RER RN R Rt e T N I
TSRO B9 S R VR SR BAT IS T (B N
R TR B AR K R R AR P s Th B R
0.95

0.90
0.85

o
%0
(=}

Accuracy

e
92
S

Accuracy 1
Accuracy 2
Accuracy 3

o2
o 2
S

0 30 60 90 120 150 180 210 240 270 300
Epoch

B7 =T XEIEERERTN

Fig. 7 Change of accuracy rate of three—fold cross—validation



54 oo ®m M5 M OH

ERRES

2.5 XfLeTTE

AR SCORE i it R SRR AE 3 AR S I A S
Decesion Tree .SVM( Support Vector Machine ) , Multi—
modal LSTM"'") | RF ( Random Forest) ., NetVLAD —
GRU FLHEAT 1 X LSy, S R 3% 2, al LA
SCHR AR ST AE v SCHIVARAE 5 ARG I 5Tl ) 45 S 1
e, F1 (& LS RIAEL 6%,

F2 EHBRESIBRERL

Table 2 Comparison of audio single-mode experimental results

FHE Rk F114 PENCIR S
I Decision Tree 0.45 0. 44 0.47
SVM 0. 46 0.41 0.54
Multi-modal LSTM ~ 0.49 0.56 0. 44
RF 0.50 0.53 0.48
NetVLAD-GRU 0. 66 0.78 0.57
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Table 3 Comparison of text single—mode experimental results

FHE BkmiA F11{H FERTE S RS
A SVM 0. 64 1.00 0.48
RF 0.57 0.53 0. 61
Decision Tree 0. 49 0.43 0.59
Multi-modal LSTM 0. 57 0.63 0.53
Attention-BiLSTM 0. 65 0. 66 0. 65
Bert—-BiLSTM 0. 68 0.71 0.64
ERNIE-BiLSTM-CNN 0. 69 0.63 0.76
ESimCSE-BiLSTM 0. 71 0.75 0.67
Bert-BiLSTM-CNN 0. 86 0.93 0. 80
E'S 0.88 0.87 0.90
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Table 4 Comparison of experimental results of multi-modal fusion
L[ 1S
Multi—modal LSTM 0.57 0.67 0.49
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Fig. 8 Model three—fold cross—validation confusion matrix
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