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Abstract

With the rapid advancement of wearable device technologies, Electrocardiogram (ECG)-based user identification has
gained increasing attention. However, ECG signals are highly sensitive to psychological state changes, which leads to
performance variations even for the same user under different states. To address this limitation, this paper proposes a
psychological state - conditioned learning - based user identification system that incorporates estimated state probability
information from input ECG signals as a conditioning factor. The proposed system integrates state probabilities into
the user identification process to mitigate feature instability caused by state variations. Experimental results on the
WESAD dataset with five repeated trials demonstrate that the conditional learning model achieves an improved
macro-average identification accuracy and a statistically significant reduction in inter-state performance variance by an
average of 0.198%.
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Fig. 1. Proposed psychological state-conditional leamning-based user recognition system
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