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Abstract

To address the challenges associated with identifying focused states from short-window EEG—spe-
cifically susceptibility to spectral estimation fluctuations, variations in referencing schemes, and
information leakage across overlapping windows—this paper proposes the Cross-Reference Multi-
Mechanism Evidence Trajectory Network (CRMET-Net). This method extracts phase-amplitude cou-
pling (PAC) and complex phase-locking features from both raw reference and common average ref-
erence (CAR) views to construct complementary cross-reference representations. It integrates
these with Gain-Invariant Multitaper Complex Graph Trajectory (GIMCGT) features to simultane-
ously characterize short-window spectral properties and connectivity relationships between brain
regions. During training, inner-loop cross-validation generates out-of-fold predictions for base clas-
sifiers; information regarding consensus, complementarity, and conflict among these classifiers is
encoded into evidence sequences, the dynamics of which are modeled using a causal temporal con-
volutional network. In the MEMA relaxation-versus-focus binary classification task, CRMET-Net
achieved an accuracy of 90.06%, a balanced accuracy of 90.06%, and a macro-averaged F1-score of
90.04% under cross-trial five-fold cross-validation; under leave-one-subject-out cross-validation
(LOSO0), these three metrics reached 71.46%, 71.35%, and 71.37%, respectively. Experimental re-
sults demonstrate that CRMET-Net exhibits robust cross-trial recognition performance and shows
potential for transferability to entirely unseen subjects.
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Figure 1. EEG data acquisition protocol for the dataset
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Figure 2. Data partitioning
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Figure 3. Overall architecture of CRMET-Net
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Figure 4. CRMET-Net evidence trajectory network
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Table 1. CRMET-Net network architecture and key parameters
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Figure 6. Window-level decision trajectory for the test Trial
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Figure 7. Confusion matrix for 5-fold cross-validation
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Table 2. Binary classification results using 5-fold cross-validation across trials for different methods
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Table 3. Results of progressive ablation using cross-Trial 5-fold cross-validation
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Figure 8. Progressive ablation using across-Trial 5-fold cross-validation
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