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Supplementary Methods
1. [bookmark: _Hlk166938248]Tracking Dynamic Modular Structures
We employed an iterative Louvain multilayer modularity algorithm1–3 to study the dynamic changes in brain networks within each time window. This algorithm effectively divides blocks within a multilayer network by optimizing a multilayer modular quality factor Q, which varies between zero and one. A higher Q value signifies greater network segregation
[bookmark: _Hlk166963690]𝑄𝑚𝑢𝑙𝑡𝑖𝑙𝑎𝑦𝑒𝑟 (𝛾, 𝜔) = 1/2𝜇 ∑𝑖𝑗𝑠r[(𝐴𝑖𝑗𝑠 − 𝛾𝑠  ) 𝛿(𝑠, 𝑟) + 𝛿(𝑖, 𝑗)𝜔𝑗𝑠𝑟] 𝛿(𝑀𝑖𝑠, 𝑀𝑗𝑟) 𝑖𝑗𝑠𝑟 （1）
where i and j are node labels and s and rare layer labels. 
Specifically, 𝜇 represents the total degree of the multilayer network, Aijs represents the connectivity strength between nodes i and j in layer s, kis represents the degree of node i in layer s, ms represents the total degree of layer s, 𝑘𝑖𝑠𝑘𝑗𝑠/2𝑚𝑠 represents the probability expected by chance of a connection between node i and node j in layer s. The function 𝛿(𝑥, 𝑦) equals 1 if x equals y, and 0 otherwise. The variable 𝛾𝑠 is the topological resolution parameter in layer s, which determines the detected module size. A larger value of 𝛾𝑠 results in a smaller detected module size. Parameter 𝜔𝑗𝑠𝑟 is a temporal coupling parameter, indicating the strength of inter-layer coupling for node j between layers r and s. The ω and γ parameters (commonly set at ω = γ = 1 by default) are crucial in determining the level of topological and temporal connectivity, thereby influencing the modular measurement4. We calculated the switching rate for each node by determining the percentage of time frames in which it transitioned to a different network assignment5. The results often differ across runs due to near-degeneracy in the modularity landscape and stochastic elements in the optimization process4. To mitigate this randomness, we conducted a multilayer community detection method for each individual 50 times. Subsequently, all network statistics, including the network switching rate after 50 runs, were averaged to yield the modularity and modular variability 6,7.
Considering the time-evolving structure of the modular architecture, we utilized a metric of modular flexibility8 to assess the extent to which each brain region transitioned between modules across time. To illustrate, for a specific node k, its modular flexibility between two consecutive sliding windows i and j can be characterized as:
𝑀𝑉𝑘(𝑖, 𝑗) = 1−. ,
（2）
[bookmark: OLE_LINK23]where MK(i) and Xk(j) represent the module assignments of node k in windows i and j respectively, Xk(i) ∩ Xk(j) indicates the shared nodes between modules Xk(i) and Xk(j), and |X| denotes the number of nodes in the set X. The overall modular flexibility of node k across all windows is computed as:
𝑀𝑉𝑘=,
(3)
where 𝑀𝑉𝑘(𝑖) denotes the modular variability of node k between windows i and all other windows. In Eq. (3), to mitigate the impact of potential outlier time windows, we employed a normalized weighted coefficient 𝜔i. This coefficient wi reflects the spatial resemblance in the modular architecture between window i and all other windows, calculated through adjusted mutual information9. Higher modular variability indicates more frequent transitions of a brain node between modules. We computed the modular variability for each node across all windows, resulting in a modular variability map for each participant.
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Supplementary Results
1. Regional MV differences in patients with IGE relative to HC
Compared with HC, increased MV in IGE children was predominantly observed in the default mode network (DMN) regions, including bilateral prefrontal cortex, precuneus posterior cingulate cortex and specific region of right temporal lobe. Decreased MV was mainly found in the somatomotor, attention and cognitive control networks, particularly in bilateral parietal regions and prefrontal areas.
[bookmark: OLE_LINK92]Table S1 Differences in MV between groups at the node level
	[bookmark: _Hlk164629048]Indx
	Regions
	IGE
	HC
	t
	P
	P_FDR

	15
28
35
44
49
50
65
66
79
84
90
92
96
99
	LH_SomMot_6
LH_SalVentAttn_Med_1
LH_Cont_PFCl_1
LH_Default_PFC_3
LH_Default_pCunPCC_1
LH_Default_pCunPCC_2
RH_SomMot_7
RH_SomMot_8
RH_Limbic_OFC_1
RH_Cont_PFCl_2
RH_Default_Par_1
RH_Default_Temp_2
RH_Default_PFCdPFCm_1
RH_Default_pCunPCC_1
	-0.6229
-0.2839
-0.1958
0.1784
0.3098
-0.1409
-0.2635
-0.5817
0.3349
-0.1701
-0.2414
0.6788
0.2945
0.1664
	0.0665
0.3059
0.3760
-0.3656
-0.4623
-0.7893
0.2397
-0.0124
0.8810
0.3646
0.3442
-0.0403
-0.3475
-0.3987
	-3.3184
-2.6605
-2.5931
2.2912
3.3048
2.6224
-2.2383
-2.4611
-2.5940
-2.2885
-2.1869
3.2460
2.9343
2.3050
	0.0016
0.0100
0.0120
0.0255
0.0016
0.0111
0.0290
0.0168
0.0119
0.0257
0.0327
0.0019
0.0048
0.0247
	0.0279
0.0360
0.0269
0.0417
0.0145
0.0332
0.0400
0.0335
0.0306
0.0385
0.0420
0.0116
0.0213
0.0443


LH_SomMot: Left Hemisphere Somatomotor; LH_SalVentAttn_Med: Left Hemisphere Salience/Ventral Attention Medial; LH_Cont_PFCl: Left Hemisphere frontoparietal Control lateral prefrontal cortex; LH_Default_PFC: Left Hemisphere Default Mode Prefrontal Cortex; LH_Default_pCunPCC: Left Hemisphere Default Mode precuneus posterior cingulate cortex; RH_SomMot: Right Hemisphere Somatomotor; RH_Limbic_OFC: Right Hemisphere Limbic orbital frontal cortex; RH_Cont_PFCl: Right Hemisphere frontoparietal Control lateral prefrontal cortex; RH_Default_Par: Right Hemisphere Default Mode parietal; RH_Default_Temp: Right Hemisphere Default Mode Temporal; RH_Default_PFCdPFCm: Right Hemisphere Default Mode dorsal prefrontal cortex and medial prefrontal cortex; RH_Default_pCunPCC: Right Hemisphere Default Mode precuneus posterior cingulate cortex.


2. Network MV differences in patients with IGE relative to HC
At the network level, compared with the HC group, the IGE MV increased in the default mode network and corrected by FDR (P=0.024).
Table S2 Between-group differences of the subnetworks of MV
	Regions
	IGE
	HC
	T
	P
	P_FDR

	Vis
SMN
DAN
VAN
LIM
FPN
DMN
	[bookmark: OLE_LINK10]-0.0469±0.3651
-0.3802±0.4790
0.0572±0.3434
0.0619±0.3597
0.4015±0.4645
-0.0294±0.3132
0.1206±0.2851
	0.0088±0.3640
-0.3716±0.3196
0.1063±0.3196
0.1149±0.3100
0.4218±0.5134
0.0812±0.5134
-0.0452±0.5134
	-0.5901
-0.0841
-0.5883
-0.6166
-0.1586
-1.3182
2.2244
	0.5574
0.9333
0.5586
0.5399
0.8746
0.1925
0.0300
	0.1117
0.1069
0.0895
0.1442
0.1168
0.0772
0.0240


Abbreviations: VIS visual network, SMN sensorimotor network, DAN dorsal attention network, VAN ventral attention network, LIM limbic network, FPN frontoparietal network, DMN default mode network.


3. Explained ratios for the first 10 components from the partial least squares (PLS) regression analysis
[image: ]
Fig S1 Explained ratios for the first 10 components from the partial least squares (PLS) regression analysis


4. Age, sex and education years effect on case-control regional MV differences
To verify the influence of age, gender and education years on the results, we will add age, gender and education years as covariates or treatment parameters when comparing IGE and HC groups, and the calculated t value map of group difference is correlated with the t value map of the main outcome, and the correlation value and corresponding P value are obtained to determine the degree of influence of age, gender and education years on the results.
[image: ]
[bookmark: OLE_LINK9]Fig S2 Age, sex and education years effect on case-control regional MV differences. (A) Region-wise t-map in MV with age as a covariate. (B) Region-wise t-map in MV with education years as a covariate (C) Region-wise t-map in MV with sex as a covariate. (D)Left panel: Pearson’s correlation for the t- statistic values obtained from the covariate t map for age in IGE vs. HC comparisons (Pearson’s r = 0.999, P < 0.001); Middle panel: Pearson’s correlation for the t-statistic values obtained from the covariate t map for education years in IGE vs. HC comparison (Pearson’s r = 0.976, P < 0.001);  Right panel: Pearson’s correlation for the t-statistic values obtained from the covariate t map for sex in IGE vs. HC group  (Pearson’s r = 0.994, P < 0.001). Brain maps in this figure were generated using the pysurfer package in python (PySurfer v0.10.0 https://pysurfer.github.io/).


4. Head movement effect on case-control regional MV differences
To verify the influence of head movement on the results, we will add head movement as covariates or treatment parameters when comparing IGE and HC groups, and the calculated t value map of group difference is correlated with the t value map of the main outcome, and the correlation value and corresponding P value are obtained to determine the degree of influence of head movement on the results.
[image: ]
Fig S3 Head movement effect on case-control regional MV differences. (A) Region-wise t-map in MV with mean FD_Jenkinson as a covariate. (B) Region-wise t-map in MV with mean FD_Power as a covariate (C) Left panel: Pearson’s correlation for the t- statistic values obtained from the covariate t map for mean FD_Jenkinson in IGE vs. HC comparisons (Pearson’s r = 0.995, P < 0.001); Right panel: Pearson’s correlation for the t-statistic values obtained from the covariate t map for mean FD_Power in IGE vs. HC group (Pearson’s r = 0.996, P < 0.001). Brain maps in this figure were generated using the pysurfer package in python (PySurfer v0.10.0 https://pysurfer.github.io/).


5. Different TR effect on case-control regional MV differences
In order to verify the influence of different TR on the results, we calculated the t value maps of the group difference between IGE and HC at TR=30, TR=40 and TR=70, respectively. The correlation between the t value maps and the main results was analyzed to obtain the correlation value and the corresponding P value to determine the influence of different TR parameters on the results.
[image: ]

Fig S4 Different TR effect on case-control regional MV differences (A) Region-wise t-map in MV with TR=30. (B) Region-wise t-map in MV with TR=40 (C) Region-wise t-map in MV with TR=70 (D)Left panel: Pearson’s correlation for the t- statistic values obtained from TR=30 in IGE vs. HC comparisons (Pearson’s r = 0.702, P < 0.001); Middle panel: Pearson’s correlation for the t-statistic values obtained from TR=40 in IGE vs. HC comparison (Pearson’s r = 0.852, P < 0.001);  Right panel: Pearson’s correlation for the t-statistic values obtained from TR=70 in IGE vs. HC comparison (Pearson’s r = 0.722, P < 0.001). Brain maps in this figure were generated using the pysurfer package in python (PySurfer v0.10.0 https://pysurfer.github.io/).

6. Different ω effect on case-control regional MV differences
[bookmark: OLE_LINK3]In order to verify the effect of different ω parameters on the results, we set ω to 0.7, 0.8 and 0.9, respectively, to calculate the t value map of the difference between the IGE group and the HC group. The correlation analysis was performed between the t value map of the IGE group and the main outcome, and the corresponding P value was obtained to determine the effect of different TR parameters on the results.
[image: ]
Fig S5 Different ω effect on case-control regional MV differences (A) Region-wise t-map in MV with ω=0.7. (B) Region-wise t-map in MV with ω=0.8 (C) Region-wise t-map in MV with ω=0.9 (D)Left panel: Pearson’s correlation for the t- statistic values obtained from ω=0.7 in IGE vs. HC comparisons (Pearson’s r = 0.931, P < 0.001); Middle panel: Pearson’s correlation for the t-statistic values obtained from ω=0.8 in IGE vs. HC comparison  (Pearson’s r = 0.823, P < 0.001);  Right panel: Pearson’s correlation for the t-statistic values obtained from ω=0.9 in IGE vs. HC comparison (Pearson’s r = 0.337, P < 0.001). Brain maps in this figure were generated using the pysurfer package in python (PySurfer v0.10.0 https://pysurfer.github.io/).

[bookmark: _Hlk165231847]7. Different γ effect on case-control regional MV differences
In order to verify the effect of different γ parameters on the results, we set γ to 0.7, 0.8 and 0.9, respectively, to calculate the t value map of the difference between the IGE group and the HC group, and conduct correlation analysis with the t value map of the main results to obtain the correlation value and the corresponding P value to determine the effect of different TR parameters on the results.

[image: ]
Figure S6 Different ω effect on case-control regional MV differences (A) Region-wise t-map in MV with γ=0.7. (B) Region-wise t-map in MV with γ=0.8 (C) Region-wise t-map in MV with γ=0.9 (D)Left panel: Pearson’s correlation for the t- statistic values obtained from γ=0.7 in IGE vs. HC comparisons (Pearson’s r = 0.735, P < 0.001); Middle panel: Pearson’s correlation for the t-statistic values obtained from γ=0.8 in IGE vs. HC comparison  (Pearson’s r = 0.801, P < 0.001);  Right panel: Pearson’s correlation for the t-statistic values obtained from γ=0.9 in IGE vs. HC comparison (Pearson’s r = 0.910, P < 0.001). Brain maps in this figure were generated using the pysurfer package in python (PySurfer v0.10.0 https://pysurfer.github.io/).
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