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REBHFATEA ., R AN, E TR A &6 4 M ek 3k & &% (Structural magnetic resonance imaging,
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Brain Disease Prediction Based on Noise Confusion to Enhance Robustness of Fea-

tures

HAO Xiaoke, TAN Qihao, LI Jiawang, GUO Yingchun, YU Ming
(School of Artificial Intelligence, Hebei University of Technology, Tianjin 300401, China)

Abstract: With the continuous development of medical imaging data, longitudinal data analysis is
gradually becoming an important research direction to understand and trace the process of the Alzheimer’s
disease (AD). At present, many longitudinal data analysis methods have been proposed, among which
multi-task learning is widely used, which can integrate imaging data of multiple time points to improve the
generalization ability of the model. Most existing methods can identify shared features at different time
points, but these features will contain a certain amount of noise. At the same time, potential associations of
disease progression at different time points remain under explored. In this paper, we propose a parameter
decomposition and relation-induced multi-task learning (PDRIMTL) method to identify features from
longitudinal data. The method can not only identify shared features after noise removal and improve the
robustness of shared features, but also can model the intrinsic associations between different time points.
The results show that the model can effectively improve the accuracy of AD identification on structural

magnetic resonance imaging (sMRI) data at different time points.
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Fig.1 Multi-task learning framework based on parameter decomposition and relation induction
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Table 1 Experimental comparison of different methods

PEAG 48 AR Lasso MTFL PDMTFL MTRL PDRIMTL
nMSE 0.685 2 0.643 0 0.6213 0.6018 0.586 4
Baseline rMSE 2.206 7 2.0910 1.9124 1.891 3 1.773 0
MMSE MO06 rMSE 2.806 8 2.683 1 2.456 4 2.4312 2.2715
M12 rMSE 3.307 4 3.130 2 2.967 3 2.9015 2.2819
M24 rMSE 4.0231 3.957 1 3.794 1 3.7218 3.651 2
nMSE 0.628 5 0.605 9 0.589 6 0.591 3 0.537 5
Baseline tMSE 7.4836 7.3617 7.1330 7.0787 6.964 5
ADAS-Cog MO6 rMSE 8.0137 7.8722 7.758 1 7.7223 7.657 2
M12 rMSE 8.5410 8.438 1 8.273 1 8.112 4 7.9721

M24 rtMSE 10.104 4 9.724 1 9.517 3 9.4551 9.3214
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(b) ADAS-Cog
6 At PRIE 3 b AR 3OO U 1 2 X
Important brain regions identified by the proposed method when estimating clinical scores

£2 HAANFFRANHHSREZN 10N EXBR I

Table 2 The most important ten regions of interest identified by the proposed method

MMSE ADAS-Cog

ROI index ROI name ROI index ROI name
40 ParaHippocampal _R 40 ParaHippocampal R
37 Hippocampus L 37 Hippocampus L
48 Lingual R 65 Angular_L
85 Temporal_Mid_L 85 Temporal _Mid _L
42 Amygdala_R 38 Hippocampus_R
65 Angular_L 42 Amygdala_R
86 Temporal _Mid_R 41 Amygdala_L
38 Hippocampus_R 89 Temporal_Inf_L
2 Precentral R 48 Lingual R

Precentral L 7 Frontal Mid_L
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