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Abstract  Brain neural systems and mechanical vibration systems share similar oscillatory behavior. In mechanical
systems, oscillation depends on stiffness and damping, where stiffness reflects the amplitude of the system's response to
external stimulation, and damping characterizes the decay of the system's state. Although responses and decay also occur
in the neural system, it is unclear whether the brain exhibits similar features of stiffness and damping. Using the classical
FitzHugh-Nagumo (FHN) neuron model, we proposed a mechanical model for the neuron that includes the state variable
of the ion channels' opening probability, as well as nonlinear stiffness and damping. First, we analyzed the dynamic
behavior of a single FHN neuron and revealed that negative damping and weak stiffness jointly support the generation of
neuron action potentials, while strong damping induces the refractory period. Second, we constructed a mechanical model

for the large-scale brain complex network wherein all model parameters were automatically identified via the Bayesian

2024-04-15 YTAi, 2024-08-06 = HJ, 2024-08-07 M 2% AR K 3R
1) HX BARHERG T RITE (12132012, 12272292).
2) B WAER: REE, BUR, LT MAARRIES) )% WA 7). E-mail: wying36@xijtu.edu.cn
SImtER: E5, XNsR, XUIIT, SRA N R R M2 BB SRR REVE S B, J)25 2741, 2024, 56(10): 3002-3011
Wang Rong, Liu Haojun, Liu Jianing, Wu Ying. Stiffness and damping features of brain complex networks. Chinese Journal of
Theoretical and Applied Mechanics, 2024, 56(10): 3002-3011



https://doi.org/10.6052/0459-1879-24-176
https://doi.org/10.6052/0459-1879-24-176
https://doi.org/10.6052/0459-1879-24-176
https://doi.org/10.6052/0459-1879-24-176
https://doi.org/10.6052/0459-1879-24-176
https://doi.org/10.6052/0459-1879-24-176
https://doi.org/10.6052/0459-1879-24-176
https://cstr.cn/32045.14.0459-1879-24-176
https://cstr.cn/32045.14.0459-1879-24-176
https://cstr.cn/32045.14.0459-1879-24-176
https://cstr.cn/32045.14.0459-1879-24-176
https://cstr.cn/32045.14.0459-1879-24-176
https://cstr.cn/32045.14.0459-1879-24-176
https://cstr.cn/32045.14.0459-1879-24-176
mailto:wying36@xjtu.edu.cn

%10 A T SRE: N A2 W4 NI S BB Rt it 3003

optimization. By analyzing the corresponding principal stiffness and damping of the system, we found that the left
hemisphere of the resting brain has lower stiffness and damping compared to the right hemisphere, and that higher-order
functional systems exhibit lower stiffness and damping than lower-order functional systems. Then, by varying the global
coupling strength, we revealed that moderate stiffness and damping support the functional balance of the resting-state
brain. Finally, through the combination of three cognitive tasks and statistical factor analysis, we found that executive

control function is associated with lower stiffness and higher damping. These findings illuminate the mechanical

properties of the brain neural system through the analysis of a single neuron and brain complex network.

Key words neurodynamics, nonlinear dynamics, stiffness, damping, brain complex network
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Fig. 8 With the optimal parameter combination and varied coupling
strength, the optimization objective function cost, first-order eigenvalues
of the principal stiffness and principal damping matrices vs. the
functional balance Hg. Blue dashed line represents the Hy from real

fMRI data. Each dot represents the average across 50 sets of parameters
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