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Multitask Classification Algorithm of ECG Signals Based on Radient Magnitude Direction
Adjustment

ZHANG Xue' , TIAN Lan',ZENG Ming' . LIU Junhui' and ZONG Shaoguo®

1 School of Microelectronics, Shandong University,Jinan 250101, China

2 Shandong Houde Measurement and Control Technology Co. , LTD,Jinan 250000, China

Abstract Cardiovascular diseases are posing more and more serious threats to human health and safety. ECG signals can be used
to diagnose and classify related diseases. Most existing ECG classification algorithms adopt single-task learning model, which can
not make comprehensive use of complementary features in multiple tasks. However, multi-task learning model can learn multiple
related tasks at the same time,share related task features,and help improve the classification performance of multiple tasks. Com-
bining deep learning and multi-task learning,a multi-task classification algorithm for ECG signals based on loss optimization is
proposed. The multi-classification task of ECG signals is decomposed into multiple binary classification tasks,and loss optimiza-
tion is carried out from the aspects of the amplitude and direction of task gradient,so as to avoid the negative transfer caused by
manual setting of task loss weights and the cancellation of task losses. The performance of ECG signal multi-classification task is
improved. The model uses PTB-XL database to decompose 23 classification tasks into 23 binary classification tasks to evaluate the
proposed algorithm. Experimental results show that the average area under the macro curve(AUC) reaches 0. 950, the accuracy
reaches 96. 50% ,the tag-based F1 score reaches 0. 583.and the sample-based F1 score reaches 0. 777. Compared with the single-
task learning algorithm,the proposed algorithm shows good performance in the multi-classification of ECG signals.

Keywords ECG signal classification, Multi-task learning..oss optimization
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Fig. 1 Structure diagram of multi-task classification model

based on GMDA
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Table 1 Detailed parameters of multi-task classification model
based on GMDA
R * R
# % A y = BN
* A #E KA
Conv Block Convld 128 7 1
Ci 1d 128 5 1
Res Block 1 ‘onv N
Convld 128 3 1
Convld 128 5 2
Res Block 2
Convld 128 3 1
Convld 128 5 2
Res Block 3 onv N
Convld 128 3 1
GAP/GMP — — —
Concatenate — — —
Flatten — — —
Head Block Dropout(0. 25) - - -
FC1 128 — —
Dropout(0. 5) — — —
FC2 1 — —
Sigmoid — — —
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Fig. 4 Comparison of normal ECG and IVCD ECG
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Table 4 Comparison of experimental results of multi-task learning

loss optimization methods

A Macro AUC Accuracy Macro F1iabel F1exam
GradNorm!28] 0.943 0.961 0.569 0.764
DWAL29] 0. 935 0. 949 0.559 0.762
DTPLZ] 0.947 0.961 0.549 0.759
PCGrad-2*] 0.951 0.964 0.567 0.773
GMDA 0. 950 0. 965 0.583 0.777
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Table 5 Comparison of experimental results of multi-task learning
network models
A Macro AUC Accuracy Macro Fliaghel  Flexam
CoT AM[30] 0.925 0.887 - —
GMDA 0. 950 0.965 0.583 0.777
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Fig. 5 Comparison of experimental results of different network

models
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