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Application of Semi—supervised Meta—learning on the Emotion
Recognition of Patients with Disorder of Consciousness

LI Jingcong, CHEN Xichang, HUANG Haiyun
(School of Software , South China Normal University, Foshan 528225, China)

Abstract: Emotion recognition is a mainstream application direction of brain—computer interface, which has great research potential. Howev-
er, the physiological differences between participants can lead to large differences in EEG signals, and labeled emotional EEG data in patients
with impaired consciousness (DOC) are extremely scarce. Therefore, a model using a small amount of labeled data and a large amount of unla-
beled data to realize the cross—participant emotion recognition task was proposed, and the model was fine—tuned by combining semi-super-
vised and meta—learning methods to improve data utilization. Experiments in the self-collected dataset show that the accuracy of the proposed
model in identifying emotions in normal people and DOC patients is 82.93% and 59.26%, respectively, which confirms that the method has
great potential in the cross—participant emotion recognition task and the diagnosis of DOC patients.
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Fig.1 Semi-supervised meta—learning method
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Table 1 Summary of clinical status of patients

®1 BERRRECS

Patient Age Gender  Diagnosis Etiology JFK CRS-R Score
Pl 28 M EMCS TBI 13(2-2-6-1-0-2)
P2 26 M MCS TBI 11(2-3-3-1-0-2)
P3 35 F MCS TBI 10(2-3-2-1-0-2)
P4 24 M MCS TBI 10(1-1-5-1-0-2)
P5 32 M MCS NTBI 10(1-3-2-2-0-2)
P6 13 M MCS TBI 9(1-1-4-1-0-2)
P7 52 M Uws NTBI 7(1-1-2-1-0-2)
P8 35 F UWS NTBI 5(1-0-1-1-0-2)
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Table 2 Detail of base model
F2 EREBIMT

Layer Kernel setting Output Shape
Input (32,5,10)
Reshape (32,1,5,10)
F-Conv (5,3)%32 (32,32,1,8)
T-Convl (1,3)*64 (32,64,1,6)
T-Conv2 (1,3)*128 (32,128,1,4)
S—Conv (32,1)*256 (256,1,4)
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Table 3 Results of SSML and existing methods on DEAP dataset

&®3 SSML5HMAFTEEDEAPHIREHLER (%)
Method Valence Accuracy  Arousal Accuracy

AD-TCH 64.30 63.30
Bagging-RF 50.35 53.49
Boosting—XGBoost 57.70 53.72
TPT 57.43 54.76
TCA 56.23 51.81
KPCA 54.35 58.15
SSML(Ours) 65.35 66.64
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Table 4 Results of SSML and existing methods on DOC dataset
®4 SSMLIIMEFEEDOCHFEERHLER (%)

Clinical di- ST-SC- Base Mod-  SSML

Patients DAN Saliency
agnosis GNN el (Ours)
Pl EMCS 60.83 60.56 62.22 54.67 62.50
P2 MCS 53.06 52.78 54.44 53.83 57.70
P3 MCS 56.39 56.11 60.28 52.17 59.00
P4 MCS 52.78 53.06 52.78 51.50 59.00
P5 MCS 51.11 51.39 53.06 47.50 60.00
P6 MCS 49.17 49.44 48.89 48.50 57.00
P7 UWS 51.67 51.39 51.39 54.50 59.00
P8 UwSs 48.33 48.89 48.33 47.67 59.90
Mean 5291 52.95 53.92 51.29 59.26
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Fig. 2 Results of N-—shot SSML with different sample sizes on the
DOC patient dataset
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