B R 5T R

Science Technology and Engineering

ISSN 1671—1815 3
CN 11—4688/T Eo%ae

A

g8 2005 4% 5525 % 519

EEE 2025, 25(19) ;07986 -09

DOI:10. 12404/j. issn. 1671-1815. 2406872
Sl AR e, To8. AR 240E B 25 0 2RS0T [ )] Bl R 5 TR, 2025, 25(19) ; 7986-7994.
Meng Xiangyuan, Wang Rong. Hierarchical eigenmode analysis of causal brain networks in schizophrenia[ J]. Science Technology and Engi-

neering, 2025, 25(19) ; 7986-7994.

1510 5 RE B SR B M 48 57 BRI 4 4

HHE, TR
(TR K2 H: B, PO 710054)

W B Ao B R — A X AR RS R ILh Rt W R AT AR EFE LA ZRG R R AE R, H TR
WA A B SRR RAEBERETARAREBW ZF A THAEEEI T2 RET M2 BEHRIF, LRTHEL
PP EEELREREMNFHRE, FREINME S LR EZNARERMLW Y SERK, FLEH R AONE T
RARE MBFARAWMEBEETARARE, t—TFTRBESN T EE, FLATMEFIFE, RGN S ELER 545
2k B o il B AT B4 AR TR S B R S FL AR S A M TR A 2 5L 64 TH M e MR K RO & A & AR T AR A
AP SRR A F AR, FTRRRB T T AAY 5 R 09 F S U W KA AL R B T oA 5 R R B B R 09 K
i8S R319; kbR A

Hierarchical Eigenmode Analysis of Causal Brain Networks in Schizophrenia
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[ Abstract |

behavior. Nevertheless, the neural mechanisms underlying this disorder are still not fully understood. In order to explore the differences

Schizophrenia is a persistent mental disorder manifested by significant abnormalities in perception, emotion, and

in whole-brain causal connectivity between patients with schizophrenia and healthy controls in the resting state, a hierarchical degree
(HD) index was proposed based on eigenmode method to overcome the inadequacy of node degree measured at a single level in tradi-
tional graph theory. It was found that the node degree of the whole-brain causal network of schizophrenia patients reduced. In addition,
the most significant changes in in-degree were found in the motor system, whereas the most significant changes in out-degree were found
in the default mode system. Higher-order node degree was further extracted and found to be superior to traditional graph theory degree
in distinguishing schizophrenia patients from healthy controls based on a machine learning approach, and more accurately predicted
positive and negative symptoms of schizophrenia, suggesting that higher-order network features can be used as biological indicators of
schizophrenia. The findings of this paper reveal abnormal higher-order network features of schizophrenia and contribute to the advance-
ment of objective diagnostic technologies for schizophrenia.
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Fig.2  Brain causal network deviation toward lower causality in schizophrenia patients
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Fig. 3  Classification for schizophrenia patients and healthy controls
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