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SUMMARY

The idea that brain networks have a hierarchical modular organization is perva-
sive. Increasing evidence suggests that brain modules overlap. However, little
is known about the hierarchical overlapping modular structure in the brain. In
this study, we developed a framework to uncover brain hierarchical overlapping
modular structures based on a nested-spectral partition algorithm and an edge-
centric network model. Overlap degree between brain modules is symmetrical
across hemispheres, with highest overlap observed in the control and salience/
ventral attention networks. Furthermore, brain edges are clustered into two
groups: intrasystem and intersystem edges, to form hierarchical overlapping
modules. At different levels, modules are self-similar in the degree of overlap.
Additionally, the brain’s hierarchical structure contains more individual identifi-
able information than a single-level structure, particularly in the control and
salience/ventral attention networks. Our results offer pathways for future
studies aimed at relating the organization of hierarchical overlapping modules
to brain cognitive behavior and disorders.

INTRODUCTION

The brain is a complex and sophisticated system that is organized at multiple spatial scales to support diverse

cognitive functions, including perception, decision-making, and action.1,2 Using the correlation between brain

region activity that is usually called functional connectivity obtained from functionalmagnetic resonance imaging

(fMRI), the brain system can be represented from the network perspective.3 Network analysis has revealed that

brain functions are governed and shaped by topological principles, such as modularity, small-worldness, and

rich-clubs.4 Modularity is an important feature of brain functional networks to trade off efficient information pro-

cessing and economicalmetabolic costs of wiring.5,6 This structure allows functional segregation and integration

in brain functional organization, which contributes to diverse cognitive functions.Moreover, abnormalities in this

structure are related to multiple brain disorders.7,8 In addition, recent studies have found that the modules of

brain functional networks are hierarchically organized with small modules nested in large modules.9,10 This hier-

archical structure contributes to increased robustness, adaptivity, evolvability, and functional diversity in the

brain.11,12 However, the organizing principles of integrating small modules into largemodules in the hierarchical

modular structure of brain networks remain unclear.

At the functional system scale, the multimodal association cortex appears to be partitioned into more submod-

ules than the occipital system.13–15 The network hubs, which play a key role in intermodule connectivity, are also

concentrated in association cortical areas.15 These evidences suggest that hierarchical modular organization is

associated with the brain activity features of different systems. However, in the standard procedure to analyze

modular brain structure, the whole brain network is partitioned into nonoverlapping modules, and each region

only participates in one single module. In fact, brain regions could be activated by a diverse range of cognitive

tasks.16 There is an increasing realization that brain regions belong to several modules simultaneously.17,18

Recent studies have also provided more evidence that module overlap is not only dense and pervasive in the

brain but also individual and state (i.e., task or rest, healthy or disorder) dependent.17–20 However, research

on the organizing principles of overlapping modules in hierarchical structures is lacking.

To address these questions, it is necessary to extend overlapping module analysis to the hierarchical

modular structure and to study the hierarchical overlapping modular structure of the brain network.
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This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1

mailto:wying36@mail.xjtu.edu.cn
https://doi.org/10.1016/j.isci.2023.106575
https://doi.org/10.1016/j.isci.2023.106575
http://crossmark.crossref.org/dialog/?doi=10.1016/j.isci.2023.106575&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/


ll
OPEN ACCESS

iScience
Article
Currently, many algorithms have been proposed to uncover the overlapping modules in the brain network,

such as the extended Newman’s modularity approach,21 fitness function optimization approach,22 and ma-

trix factorization approach.18 Recently, an edge-centric (eFC) model has been proposed for representing

pairwise functional interactions among a network’s edges.19 By partitioning links of an eFC network into

several modules, the edges belonging to the same region can be assigned to multiple modules. The

regional overlappingmodules are obtained whenmapping edgemodules back to their respective regions.

In addition, the hierarchical modular structure can be effectively detected using a nested-spectral partition

(NSP) method.11,23,24 The NSP method can partition a brain network into multiple modules at different

levels based on eigenmodes that enable us to track the detailed changes in the organization of overlap-

ping modules across hierarchical levels.

In this study, we revealed the basic organizing principles of brain hierarchical overlapping modules and

explored their effects on individual identification. Hierarchical overlapping modules were analyzed

based on the NSP algorithm and eFC network using the resting-state fMRI dataset of 110 healthy adults

(age: 21–50 years). We first investigated the distribution of the degree of overlap across multiple hierarchi-

cal levels of the brain. Second, we extracted the integrating rule of overlapping modules from high-order

levels to low-order levels (or the segregation rule from the low levels to the high levels). Finally, we tested

whether hierarchical overlapping modular structures could improve the identification of individuals.
RESULTS

Hierarchical overlapping modular structure of brain networks

Many studies have revealed that brain networks are organized as a hierarchical modular structure.11,12,25

Here, we first constructed eFC networks using fMRI data. Unlike traditional node-centric (nFC) networks,

where nodes represent brain regions and edges represent functional interactions between pairs of brain

regions, the eFC network considers interactions not between pairs of brain regions but between pairs of

edges. The eFC can be calculated in three steps. The first step is to z-scoring the regional blood-oxy-

gen-level-dependent (BOLD) time series. Next, we calculate the element-wise product of the z-score

time series of pairs of brain regions. This gives rise to a new set of time series, whose elements represent

the amplitude of instantaneous co-fluctuations between two brain regions. The final step involves calcu-

lating the element-wise product between the new time series obtained in the second step. This results

in the matrix of the eFC network when repeated over all pairs of edges (Figure 1A and STAR Methods).

Then, we partitioned the networks into hierarchical modules based on the NSPmethod. The NSP algorithm

first calculates the eigenvalues and eigenvectors of the network and then detects hierarchical modules ac-

cording to the eigenvectors that were sorted in descending order of eigenvalues (see STAR Methods). In

the hierarchical modular structure, the lower level contains a small number of largemodules, and the higher

level contains a large number of small modules. In Figures 1B and 1C, we show the hierarchical modular

partition in nFC and eFC networks (bounded by red or yellow dotted lines with each other). The elements

in the first eigenvector having the same sign suggest that the whole network is the largest module in the first

level. The largest module is then partitioned into twomodules in the second level according to the positive

and negative signs of elements in the second eigenvector. The two modules are further divided into four

small modules in the third level based on the signs of the third eigenvector. As the partition process moves

forward, the nFC and eFC networks can be decomposed into nested modules at different levels. It is clear

that the connecting density within modules was higher than that between modules at the same level

(Figures 1B and 1C), and the weights of intramodule connections at each level were significantly higher

than those of intermodule connections (Figure S1). Thus, the NSP method can effectively detect the hier-

archical modules in both nFC and eFC networks.

Different edge modules partitioned by the NSP in eFC networks may comprise edges from the same node.

Mapping edge modules back to regions in nFC networks and extracting regions that were linked by the

edges within an edge module can reveal the overlapping modular structure (Figure 2A). The normalized

entropy that accounts for the distribution of edge module assignments was calculated to assess module

overlap.19 Here, we partitioned the brain according to two parcellation atlases: 1) 90 regions with the auto-

mated anatomical labeling (AAL) atlas,26 and 2) 100 regions with the Schaefer 100-parcel atlas.27 The results

of the AAL atlas are presented in the main text, and the results of the Schaefer atlas are given in the sup-

plemental information.
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Figure 1. Flowchart of constructing nFC and eFC networks and detecting modules across hierarchical levels

(A) The BOLD time series of regions were used to construct nFC and eFC networks. To evaluate eFC, the BOLD time series was first z-scored, and element-

wise production was computed. Then, the values of a product across time were averaged as eFC.

(B andC) Left panels: hierarchical modular structures detected by the NSP method in nFC and eFC networks. The connecting density within modules was

greater than that between modules at the same level, and the weights of intramodule connections at each level were significantly greater than those of

intermodule connections (see Figure S1). Right panels: the eigenvectors of the first four functional modes of the nFC and eFC networks. The modules in each

level are differentiated by colors.
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Although eFC is constructed using a different processing mode, it is related to nFC. We tested whether

the organization of modules in the eFC network was replicable from the nFC network. This is an impor-

tant question to test the reliability of the overlapping structures of modules revealed by eFC. We

measured the proportion of regions that intersected between the nFC modules and eFC modules. How-

ever, a direct comparison of eFC and nFC modules is unavailable due to the differences in module size.

We can compare the similarity using the following steps. First, we sorted regions according to their

participation degree in the eFC module and controlled the same regional number with that in a compa-

rable nFC module by deleting those regions with a low participation degree. Second, the proportion of

the intersected region between the eFC and nFC modules was calculated to measure the similarity.

In the similarity matrix, the diagonal values were significantly higher than others (Figure 2B). Specifically,

the highest value of the three diagonals was 0.94, and the lowest value was 0.55. Thus, each eFC module

has the highest similarity with the corresponding nFC modules, suggesting consistency between the eFC

and nFC modules.

Organizing principle of hierarchical overlapping modules

The organization of nonoverlapping modules in the brain functional network revealed by traditional ap-

proaches is closely associated with several well-known cognitive subsystems.28 Regions within the same

subsystem tend to participate in the same module. These observations have prompted the hypothesis

that the organizing principle of modular structure is deeply associated with brain function. Previous studies

on single-level overlapping modular structures have shown that each pair of brain subsystems interacts

with each other through at least two distinct edge modules.29 Furthermore, module overlap varies across

brain functional subsystems,27 and heteromodal systems exhibited greater complexity in terms of module

overlap than sensorimotor systems.29 However, whether hierarchical overlapping modules have a similar

structure among hierarchical levels and whether the organizational property of hierarchical overlapping

modules is specific to functional subsystems remain unknown. Thus, it is necessary to conduct a detailed

study on the diversity of module overlaps between subsystems and the principles of the segregation
iScience 26, 106575, May 19, 2023 3



Figure 2. Consistency between nFC modules and eFC modules

(A) A toy diagram revealing overlapping modules. The graph contains five nodes (depicted as yellow circles) and seven

edges. The edges were partitioned into two edge modules (three edges in the blue module and four edges in the purple

module). Then, edge modules were mapped back to node modules according to which regions were noted at the

endpoints of each edge. The overlapping structure is more clearly presented in node view. The number of colors

represents the number of modules in which the node participates, and the distribution of colors represents the

distribution of edges between modules. The more evenly the edges are distributed in the module, the greater the

entropy of nodes.

(B) Similarity between nFC modules and eFC modules. The similarity was measured by computing the proportion of

intersected nodes between the eFC and nFC modules.
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(or integration) of overlapping module structures across hierarchical levels. Here, we address those ques-

tions by analyzing overlapping modules level-by-level in great detail.

We first calculated the entropy of each region at different hierarchical levels to show its distribution in the

brain. On the whole-brain scale, we observed that the distribution of entropy was symmetric between the

left and right hemispheres at low-order levels (Figures 3A and 3B), as indicated by the correlation of entropy

between the left and right hemispheres of the eFC network (Figure 3C). Symmetry remains when large

modules are partitioned into small modules with increasing level (Figure 3D). These results are consistent

with a nFC network study showing that the module affiliation of regions has hemispheric symmetry.30

The entropy reflects the uniformity of the distribution of eFCmodule assignments. If a region participates in

every eFCmodule on average, it has the highest entropy. Conversely, if a region affiliates with only one eFC

module, it has the lowest entropy. Previous studies showed that entropy was greatest within primary sen-

sory and attentional systems19,29; thus, we studied the homogeneity of entropy in subsystems across mul-

tiple levels. We found that the overlappingmodular structure was pervasive across brain regions and levels,

but the entropies of regions were significantly distinct (Figure 4A, the results of Schaefer 100 parcellation

shown in Figure S4). Regions on the control and salience/ventral attention subsystems have high entropy

across multiple successive levels (shown in Figure 4A with red rectangles), and regions on the visual sub-

system alternated between high entropy and low entropy (shown in Figure 4A with blue rectangle). We

next showed region’s entropy within seven intrinsic functional subsystems31 of three levels in Figure 4B.

The results showed that entropy was not uniformly distributed across subsystems (Figure 4C takes the sec-

ond level, for example. Two-sample t-test, p < 0.05, see Table S1). By calculating the standard deviation of

entropy within each subsystem, we found that the diversity of entropies within default mode and sensori-

motor networks was greatest. Meanwhile, the control and salience/ventral attention networks centralized

regions in high entropy (Figure 4B). Entropy concentrating in high values suggests that these subsystems

more widely interact with other subsystems. Surrogate networks generated by randomizing the connec-

tions exhibited uniform entropies over the whole network, and each node had great entropy (Figure S3).
4 iScience 26, 106575, May 19, 2023



Figure 3. Symmetry between the left and right hemispheres of entropy

(A) Bar plots of region entropy from the second to fourth hierarchical levels. The regions were sorted from the left hemisphere to the right hemisphere

symmetrically.

(B) Spatial patterns of region overlap entropy corresponding to the second, third, and fourth levels. A full view of these patterns is shown in Figure S2.

(C) Correlation of entropies between the left and right hemispheres of the eFC network corresponding to the second, third, and fourth levels.

(D) Correlation coefficients of entropies between the left and right hemispheres at different levels.
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The edge modules can be positioned for distinct functional classes according to the subsystems that they

linked.29 We next investigated the principle for the integration of high-level small modules into low-level

large modules from the perspective of edge module classification. We first subdivided the brain subsys-

tems into two groups: the heteromodal system, including the control (CON), default mode (DMN), dorsal

attention (DAN), limbic (LIM), and salience/ventral attention networks (VAN); and the sensorimotor system,

which comprises the somatomotor (SMN) and visual (VIS) subsystems. Then, the edges can be further sub-

classified into two communities based on the subsystems that they link: the intra-edges that link regions

within heteromodal or sensorimotor system, and the inter-edges that link heteromodal and sensorimotor

systems (Figure 5, results of Schaefer 100 parcellation shown in Figure S5). We found that one of the two

edge modules in the second level comprised mostly inter-edges (the left panel of the second level in Fig-

ure 5), and the other included disproportionately many intra-edges (the right panel of the second level in

Figure 5). When edge modules at the second level were further subdivided into four modules at the third

level and more modules at the fourth level, these small modules could still be divided into two groups

based on the proportion of intra- and inter-edges. As shown in Figure 5, modules in the blue box have a

high proportion of inter-edges, and modules in the yellow box have a high proportion of intra-edges.

These results indicate that edge modules tend to be clustered together with the same type edges (i.e.,

intra- or inter-edges) when small modules are integrated into large modules.

Although the edge modules prefer to integrate with similar modules, the basic properties of overlapping

eFCmodules when they are broken into modules at a high level remain unknown. For example, domodules

at different levels have similar overlapping structures? How do hierarchical overlapping modules

contribute to information integration and segregation? To investigate these questions, we defined the

local entropy. Local entropy measures the entropy of regions on two modules in the same level that are

separated from the same module in the upper level (Figure 6A). This local measurement estimates local

overlapping structures and is estimated on multiple levels. As shown in Figure 6B, each pair of modules

in each level had several regions with high local entropy, indicating that these regions distribute their

edges evenly across the pair of modules (results of Schaefer 100 parcellation shown in Figure S6). This phe-

nomenon was similar for different levels. These results indicated that the internal structure and complexity

of hierarchical overlapping eFC modules are similar even though low-order levels have larger modules and

high-order levels have small modules. Furthermore, the subsets of high local entropy regions at different

levels were composed of different regions (Figure 6C).

In summary, these findings indicate that the overlapping modular structure of the brain functional network

was hemispherically symmetrical across hierarchical levels but was system specific. We also found that the

edgemodules were hierarchically organized into two groups: one group dominated by inter-edges and the
iScience 26, 106575, May 19, 2023 5



Figure 4. Heterogeneity of entropy in the seven subsystems

(A) Entropy involves all brain regions across hierarchical levels. Regions in red rectangles exhibit high entropy across

levels, and regions in the blue rectangle have alternating high and low entropy across levels.

(B) Left panel: heterogeneity entropy distribution of different subsystems (two-sample t-test, p < 0.05, see Table S1). Right

panel: the standard deviation of entropy within each subsystem.

(C) Top panel: spatial pattern of the seven brain subsystems. Bottom panel: spatial pattern of nodes’ overlap entropy

corresponding to the second level.
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other dominated by intra-edges. More importantly, the overlapping modules on different hierarchical

levels exhibited similar local behavior with local entropy.

Hierarchical overlapping modular structure improves individual identification

The group-level results reveal the mean and collective characters of the brain network. However, brain

functional organization is individually personalized and idiosyncratic.32–34 Recently, several important

studies have begun focusing on individual-specific factors and aim to understand individuals’ brains.35–37

We next studied whether the hierarchical modular structure could supply more contribution to individual

identification.

Hierarchical structures of the brain contain high-dimensional information and are difficult to compare

directly between individuals. The basic hypothesis of individual identifiability is that an individual’s module

overlapping structure should be more similar within the same individual across hierarchical levels than be-

tween different individuals. A previous study showed that, to a great extent, higher individual identifiability

makes it easier to robustly identify individual ‘‘targets’’ from a sample database.38 We quantified individual

identifiability using the measure ‘‘differential identifiability’’ (Idiff), which is calculated as the mean within-in-

dividuals similarity of regional entropies between hierarchical levels minus the mean between-subject sim-

ilarity (see STAR Methods and Figure 7). The higher the Idiff, the better will be the identifiability of

individuals.

We first focused on the individual similarity across hierarchical levels. As a comparison, we also used the k-

means clustering algorithm to acquire overlapping modular structures with different k values. Although the

k-means clustering algorithm obtains similar module partitioning results in the specified k-value order,29

the difference between the NSP method and the k-means clustering algorithm is that the modules from

the NSP method have a clear order between the levels, that is, higher-order submodules can only be a

subset of edges in lower-order modules. This order is seen as the hierarchical information contained in

the hierarchical module structure. As the level increases, the number of edge modules acquired by the
6 iScience 26, 106575, May 19, 2023



Figure 5. Organization of edge modules at different levels

The top panel shows the largest module at the first level. The seven subsystems were classified into two groups: the

heteromodal system (CON, DMN, DAN, LIM, and VAN) and the sensorimotor system (SMN and VIS). Then, edges were

defined as intra- or intersystem edge. Edge modules in the second–fourth levels are shown. The bar plots depict the

percentage of the intra- (or inter-) edge in one module.
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NSP algorithm is 2, 4, 8, 16, and 32, and we also set k in the k-means algorithm to vary by 2, 4, 8, 16, and 32.

Figure 8A shows the difference in estimating individual similarity between the single-level modular struc-

ture divided by the NSP and k-means clustering algorithm (two-sample t-test, p < 0.0001, results of Schae-

fer 100 parcellation shown in Figure S7). The results reveal that the overlapping modular structure divided

by the k-means clustering algorithm has less individual similarity compared with that obtained using the

NSP method. In other words, the modular structures detected by the NSP algorithm did not perform better

than the traditional k-means clustering algorithm on individual identification at the single level.

We next introduce the hierarchical information by stacking multiple hierarchical levels, and study the

influence of hierarchical modular structure on individuals’ differential identifiability by calculating the cor-

relation between entropies of different hierarchical levels within an individual. In Figure 8B, the results of

stacking the 2, 3, 4, and 5 levels are presented. The results of hierarchical levels were computed by stacking

levels that were partitioned using the NSP algorithm, and the results of a single level were computed by

stacking the results of the k-means clustering algorithm with different k values. Individual identification

was improved when the brain overlapping modular structure was integrated across hierarchical levels (Fig-

ure 8B). The Idiff values of hierarchical levels (Hdiff) were higher than those of single levels (Sdiff), implying that

the inherent hierarchical structures of brain networks revealed more significant differences between indi-

viduals’ properties (two-sample t-test, p < 0.0001). More importantly, entropies became more similar be-

tween regions in higher levels due to more small modules (Figure 4A), and Idiff decreased as the number of

stacked levels increased. However, we found that the difference betweenHdiff and Sdiffwas not significantly
iScience 26, 106575, May 19, 2023 7



Figure 6. Local entropy of eFC modules across hierarchical levels

(A) The difference between global entropy and local entropy. The graph has two edge modules (blue and purple) in the

first level. The purple module was subdivided into two submodules (orange module and purple module) in the second

level. The local entropy was calculated by counting the distribution of edges within the orange and purple modules, which

were separated from the same purple module in the first hierarchical level.

(B) Distribution of local entropies on multiple levels. Red markers denote regions with local entropy greater than 0.99.

(C) The allocation of regionswith high local entropyon the first six levels. Notably, there are two, four, eight, and sixteenmodules

in the second, third, fourth, and fifth levels, respectively. Each pair ofmodules has one set of local entropies. Therefore, there are

one, two, four, and eight columns of local entropies in the second, third, fourth, and fifth levels, respectively.
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reduced when the number of stacked levels increased (Figure 8C). We next tested which brain subsystem

significantly contributes to individual identification. As shown in Figure 8D, regions located in the control

and salience/ventral attention networks yielded high Idiff, which is consistent with a previous study.39

In summary, we investigated the results of individual identifiability in brain overlapping modular structures

on a single level and hierarchical levels. We found that the hierarchical overlapping modular structures can

enhance individual identification. Furthermore, the control and salience/ventral attention regions have the

greatest contribution to individual identification in the brain.

DISCUSSION

Here, we investigated the hierarchical overlapping modular organization of brain functional networks and

its effect on individual identification. We constructed eFC networks by focusing on edge-edge interactions
8 iScience 26, 106575, May 19, 2023



Figure 7. Schematic of differential identifiability in entropy

To calculate Idiff, the correlations between entropies within individuals (Iself) and between individuals (Iothers) were

computed, resulting in the entropy correlation matrix. Idiff is calculated as the mean within-individual correlations minus

the mean between-individual correlations.
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and revealed overlapping modules by mapping eFC networks back to nFC networks. Furthermore, hierar-

chical organizations were obtained using an NSPmethod. We found that the degree of overlap was distrib-

uted symmetrically among brain hemispheres and peaked in the control and salience/ventral attention net-

works. In hierarchical modules, the edges linking the same type of systems (heteromodal or sensorimotor

system) tended to integrate into a community, whereas the edges connecting different systems tended to

be integrated. Furthermore, the overlapping modules have similarity structures at different levels. Finally,

we showed that brain hierarchical organization revealed more differences between individuals than the sin-

gle-level structure, and control and salience/ventral attention networks had high individual identifiability.

Hierarchical modular organization and overlapping modules represent the intrinsic structures of the human

brain.9,15,17,18 A key open problem is how the brain combines hierarchy and overlap to optimize information pro-

cessing. On the whole-brain level, we found that the degree of overlap was symmetrically distributed across

hemispheres. In previous studies, nonoverlapping modules have always involved symmetrically distributed re-

gions across hemispheres.15,40 Themembership or entropyof overlappingmoduleswas also symmetrical ingen-

eral.17,19 These results coincided with the fact that brain modules are clustered and consistent with the known

functional brain subsystems.41More importantly, our hierarchical analysis suggested that hemispheric symmetry

survived at multiple levels. Indeed, brains are anatomically connected with self-similarity at multiple scales and

work at scale-free dynamics.42,43 The self-similarity of brain overlappingmodular organizationbetweenhierarchi-

cal levels is congruent with other intrinsic self-similarity features of the brain. Multiscale self-similarity implies a

reduction of structure complexity and is related to the need for economical brain network organization.

Theeconomical brainnetwork reduceswiringcostsbycontrolling the rolesofdifferent nodes.Hub regions,which

are thought to play pivotal roles in the coordination of information flow in a network, may be classified as

connector or provincial hubs. Connector hubs withmany intermodule connections are responsible for functional

integration and global information processing, whereas provincial hubs with mostly intramodule connections

support functional segregation and specialized information processing.5,44 Our results indicated that some re-

gions connect multiple modules evenly on each level and play as connector hubs in promoting the integration

ofglobal informationprocessing.However, the level-dependenceofentropy indicated that regionsplaydifferent

roles indifferenthierarchical levels.At thehigh level, theprovincial hubswith lowentropy inside the largemodules

at the low level can become the local connector hubs with high entropy in the small module structure. This orga-

nizing principle is conducive to the balance of information integration and separation at different scales and the

formation of both an economic and an efficient network structure.9,11

In addition to economic benefits, brain dynamical self-similarity relates to the spontaneous balance be-

tween integration and segregation.45 The hierarchical overlapping modular structures were found to
iScience 26, 106575, May 19, 2023 9



Figure 8. Hierarchical modular structure enhances individual identification

(A) Individual similarity revealed by entropy on a single level detected using the k-means clustering and NSP algorithms.

(B) Idiff calculated from hierarchical levels (Hdiff) and a single level (Sdiff). The results of hierarchical levels represent stacking

levels partitioned by the NSP method, and the results of a single level were computed by stacking multiple levels with

different k values of the k-means clustering algorithm. (Two-sample t-test p values, *p < 0.0001).

(C) Difference between Hdiff and Sdiff. Black short lines represent the mean values.

(D) Idiff values of hierarchical levels for seven brain systems. The control and salience/ventral attention networks exhibited

high individual identifiability.
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exhibit self-similarity with local entropy at multiple levels. These self-similarity structures formed with each

pair of overlapping local modules sharing several regions with high local entropy. High local entropy sug-

gests that regions participate in twomodules equally and benefit to integrate the twomodules. In contrast,

low local entropy indicates that a region’s participation is concentrated on one of the two modules and

contributes to segregation from each other. We found that the distribution of local entropies exhibited

several regions with excessively high entropy and some regions with extremely low entropy. The self-sim-

ilarity of local entropy implies that the brain functions at an intermediate balance state by maintaining both

the integration ability to collective information between modules and segregation ability to diverse pro-

cessing information. The balance between integration and segregation as well as hierarchical connectome

modes are essential for the diversity of brain cognitive function.11,23,46,47 Furthermore, the subset of regions

with high local entropy contained brain regions that were significantly different between levels. This finding

indicates that different brain regions are responsible for local information integration within modules of

different scales, which also explained why entropy was level dependent. Our results further verified the

brain self-similarity but extended it to the hierarchical overlapping modular structure.

Edge-centric networks have revealed that edge modules are diverse across brain functional systems.29

Edge modules code co-fluctuation patterns of high-order interregional communication. Our findings sug-

gest that edge modules of hierarchical levels partitioned using the NSP method can be referred to as two

groups when large modules were divided into small modules. One group had a greater proportion of

edges linking heteromodal systems to other heteromodal systems or linking sensorimotor systems to other

sensorimotor systems, and the other included a greater proportion of edges linking heteromodal systems

to sensorimotor systems. The separation of edges between heteromodal and sensorimotor systems from

other edgemodules implies that the interplay between heteromodal and sensorimotor systems is function-

ally segregated. In particular, in semantic processing, brain regions of heteromodal systems play a role by

storing particular combinations of sensorimotor features.48

To examine the effects of hierarchical overlapping modular structures on individual identification, we

adopted the measurement of differential identifiability,49 which involves the difference between the
10 iScience 26, 106575, May 19, 2023
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similarity of hierarchical structures within and between individuals. In hierarchical levels detected using the

NSP method, the overlapping modular structures of high levels were derived from and limited by low

levels.11 In contrast, the overlapping modular structures detected by the k-means clustering algorithm

with different k values had no direct interplay with each other and no hierarchical information. We found

that although the overlapping modular structure of single levels detected using the NSP method reported

fewer personal peculiarities; structures that stack multiple levels with hierarchical information can describe

more individual differences than structures that stack multiple levels without hierarchical information.

These observations imply that hierarchical structures significantly improve individual identification.

Furthermore, we found that control and salience/ventral attention networks contribute the most to individ-

ual identifiability among brain systems. This result agrees with the other recent analysis with eFC in which

the removal of regions or edges from higher-order systems led to significant reductions in individual dif-

ference.39 These findings also support the earlier results with nFC, suggesting that brain regions of heter-

omodal systems drive individual identification compared to sensorimotor systems.38 Combined with the

previous results that brain regions associated with control and salience/ventral attention networks exhibit

the highest average entropy, these findings suggest that these brain regions not only integrate information

but are also organized variables among individuals. In previous studies, differential identifiability usually

evaluates individual identifiability based on the difference between within-subject similarity and be-

tween-subject similarity across multiple scans.39,49,50 We calculated the differential identifiability based

on the similarity of entropies of different levels that were estimated from the data in the same scan. The

results of the differential identifiability may be large. However, the differential identifiability with hierarchi-

cal information was greater than that without hierarchical information in the same situation, suggesting that

hierarchical information improved the difference identifiability. In the future, studies using data that have

long duration or multiple scans of the same individual are needed to study the contribution of hierarchical

module information to individual identification in more detail. In addition, the improvement of individual

identifiability by hierarchical information raises the need for deeper mechanistic studies. For example,

the questions on the origins of identifiability can be uncovered by tracking changes in the hierarchical over-

lapping modular structure across brain development.
Limitations of the study

One of the most important limitations of this study concerns the scalability of eFC. The dimension of the

eFC network is the square of the nFC network. We parceled the brain into regions based on coarse-scale

atlases to ensure computation efficiency. This process causes the investigation of hierarchical structure to

be limited to low levels because modules in high levels contain very few regions. A second limitation is

associated with overlapping modules. The entropy of a region measures the number of its edge’s distribu-

tion in each module and does not account for the edges’ weight. However, the weight of edges represents

the intensity of the dependence between two regions. In weighted networks, a region should have a high

participation degree in amodule if its edges in this module have high weight. A final limitation concerns the

short scan duration of the resting-state fMRI. The reliability of our analysis depends on two key parameters,

the sample size and the scan duration.51 Previous studies suggested that the duration of most existing da-

tasets is 5–10 min, which is insufficient to achieve high reliability at the individual level.52,53 However, the

results on individual identifiability at the subsystem level in the current study were almost consistent

with a study using a dataset with a long scan duration,39 indicating that the duration of scanning had a

limited effect on the results of our analysis. This may in part be due to the inclusion of a sufficiently large

number of subjects in our analysis. A sufficient number of samples can significantly improve the reliability

of the analysis results.51 Another possible reason is that individual identifiability analysis is not entirely an

individual-level analysis. The value of Idiff of an individual was calculated using the data of all subjects, which

may also reduce the insufficient caused by the short scan duration to some extent.
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KEY RESOURCES TABLE
REAGENT or RESOURCE SOURCE IDENTIFIER

Biological samples

fMRI data University of California Los Angeles project https://www.openfmri.org/dataset/ds000030/

Software and algorithms

MATLAB R2020b MathWorks https://github.com/fanyongchen/Hierarchal-

overlapped-modular-structure
RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources and reagents should be directed to and will be fulfilled by

the lead contact, Ying Wu (wying36@mail.xjtu.edu.cn).
Materials availability

This study did not generate new unique reagents.

Data and code availability

The accession number for the original fMRI dataset is listed in the key resources table. Main original code

has been deposited at https://github.com/fanyongchen/Hierarchical-overlapping-modular-structure and

is publicly available as of the date of publication. Any additional information required to reanalyze the

data reported in this paper is available from the lead contact upon request.
EXPERIMENTAL MODEL AND SUBJECT DETAILS

The MRI data were acquired from OpenfMRI database. Its accession number is ds000030 and is part of the

UCLA Consortium for Neuropsychiatric Phenomics LA5c Study.54 This dataset includes resting-state fMRI

data for 130 healthy unrelated adult participants. Twenty participants were excluded due to incomplete

data. Thus, the total number of participants in this study was 110 (age: 21–50, mean age = 31.6 years, 47

females). All data are made available under the Public Domain Dedication and License v1.0 (http://www.

opendatacommons.org/licenses/pddl/1.0/).
METHOD DETAILS

MRI scanning parameters

Images of fMRI were obtained in a 3T Siemens Trio scanner and lasted for 304 s for each participant with

slice thickness = 4 mm, 34 slices, TR = 2 s, TE = 30 ms, flip angle = 90�, matrix = 643 64, FOV = 192 mm and

eyes open. See ref.54 for more detailed scanning parameters.
MRI data preprocessing

Functional images were preprocessed using AFNI (http://afni.nimh.nih.gov/afni/) and FSL (http://www.

fmrib.ox.ac.uk/fsl/) according to standard preprocessing protocols.55,56 To ensure the initial stabilization

of the fMRI signal, the first four volumes were removed from the subsequent preprocessing and analysis.

Then, motion correction was performed for each participant using a 3D image realignment with the

AFNI program 3dvolreg function. Images acquired from echo-planar imaging (EPI) were motion and

slice-timing corrected and spatially smoothed using a Gaussian kernel of 6 mm full width at half maximum

(FWHM). The fMRI signal was filtered with a bandpass 0.01 Hz–0.08 Hz to minimize the effects of low-fre-

quency drift and high-frequency physiological noise.57 The NSP algorithm requires all connections to be

positive. In contrast, the global signal regression would introduces more negative connections, and its

use remains controversial in resting-state fMRI analyses.58,59 Therefore, we did not remove the whole-brain

global signal.
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Functional network construction

The brain was partitioned into two different parcellation atlases: 1) 90 regions with the AAL atlas,26 and 2)

100 regions with the Schaefer 100-parcel atlas.27 The fMRI time series for each region was obtained by aver-

aging the BOLD signals of voxels within each region.

Node-centric network construction

The functional connectivity (FC) between region’s time series is used to estimates their statistical interde-

pendency, i.e., how strongly (or weakly) one region’s activity fluctuates with the other region. The

most common measure of FC is the Pearson correlation coefficient. Let xi = [xi (1), xi (2), ., xi (T)] and

xj = [xj (1), xj (2), ., xj (T)] represent the time series for regions i and j, respectively. Each time series was

first normalized as follows:

zi =
xi � mi

si
(Equation 1)

Here, mi =
1
T

P
txiðtÞ is the time-averagemean value, si =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

T � 1

P
tðxiðtÞ � miÞ2

q
is the standard deviation, T is

the length of fMRI length, and t is in the range of [1, T]. The Pearson correlation coefficient between regions

i and j can be calculated as follows:

FCij =
1

T � 1

X
t

�
ziðtÞ $ zjðtÞ

�
=

1

T � 1

X
t

cijðtÞ (Equation 2)

where the element-wise product cijðtÞ encodes the moment-by-moment co-fluctuations magnitude of

regions i and j. When regions i and j at time t simultaneously exhibit increased (or decreased) activity rela-

tive to baseline, cijðtÞ is positive. Otherwise, one region increased while the other decreased at time t, cijðtÞ
is negative. Thus, the correlation was defined as the time-averaged co-fluctuation magnitude between

regions, and the node-centric network was constructed wherein the edge is represented by the nFC.

Edge-centric network construction

Contrary to the time-averaged element-wise product cijðtÞ in nFC, the time-variable cijðtÞ can be used to

construct the edge-functional connectivity. In an edge-centric network, the node is the nFC between re-

gions, and the edge is the correlation between nFCs, named the eFC.19 Let cij and cuv be the time series

for edges {i,j} and {u,v}, respectively. The eFC can be calculated as follows:

eFCij;uv =

P
tcijðtÞ$cuvðtÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP

tcijðtÞ2
q ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP

tcuvðtÞ2
q (Equation 3)

To meet the requirements of the NSP algorithm, negative correlations in the nFC and eFC metrics were set

to zero. In addition, the results of taking the absolute value of the negative correlation are presented in Fig-

ure S8 and Table S2. Excluding negative correlations and making negative correlations positive have min-

imal effects on the results.
Module detection algorithm

NSP algorithm

The NSP algorithm was used to partition networks into hierarchical modules.11,23 The functional matrix A

can be decomposed into A = ULUT with eigenvectors U and eigenvalues L. In the spectral space, larger

eigenvalues relate to a stronger degree of collectiveness in dynamic patterns. Thus, the eigenvectors were

sorted according to the descending order of eigenvalues. The NSP method partitions the network into hi-

erarchical modules based on the negativity and positivity of eigenvector values in each order.11 In the first

order mode, all the elements of the eigenvector are positive or negative values as we zero out all negative

correlations (Figure 1), which was regarded as the first level with one functional module (i.e., the whole

network). Furthermore, in the 2nd order mode, the eigenvector has both positive and negative elements.

The elements with positive signs were assigned as a module, and the remaining elements with negative

signs were assigned as the second module. This mode with twomodules was regarded as the second level.

Each module in the second level can be further divided into two submodules according to their sign of el-

ements in the 3rd order eigenvector which was regarded as the third level. Subsequently, the network can

be partitioned into hierarchical modules until each module contains only one node. This method has been

demonstrated to be more effective in linking brain functional networks to cognitive abilities and clinical

scores.60
16 iScience 26, 106575, May 19, 2023
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Clustering algorithm

At the single level, we used a standard k-means clustering algorithm with Euclidean distance to detect

modules in the eFC network. In addition, the results of the k-means clustering algorithm with cosine dis-

tance are provided in Figure S9. Different distance metrics have minimal effects on the results. Other mod-

ule detection algorithms, such as modularity maximization61 and Infomap62 could also be used. Here, how-

ever, we used the k-means clustering algorithm due to the number of modules, i.e., parameter k needs to

be predefined, which ensures that the number of modules obtained using the k-means algorithm and using

the NSP algorithm are equal in a specific hierarchical level. The clustering algorithm was replicated 250

times for each k value.
Module overlap entropy

The module detection algorithms partitioned the eFC network into nonoverlapping modules (edge mod-

ules). The nodes in eFC networks represent edges of regions in nFC networks, andmapping edge modules

back to the nFC networks would generate the overlapping modules (eFC modules). The participation de-

gree of region i in overlapping module m can be calculated as follows19:

pim =
1

N � 1

X
jsi

d
�
gij;m

�
(Equation 4)

where gij ˛ f1; 2; :::; kg is the module assignment of the edge between regions i and j. In addition, dðx; yÞ is
the Kronecker delta function; its value is 1 if x=y and 0 otherwise. By definition,

P
mpim = 1, and we can set

pi = [pi1, pi2,., pik] as the participation probability vector of region i in each of k overlapping modules. The

entropy of the probability vector measures the extent to which the region evenly participates across all

modules (high entropy and high overlap) or is concentrates within a fewmodules (low entropy and low over-

lap). The entropy of region i was defined as follows:

hi = �
X
m

pim log2pim (Equation 5)

which was further divided by log2 k to be normalized into [0,1]. If one region participates evenly and its

edges distribute uniformly in every module, its entropy is close to 1. Otherwise, one region participates

in a single module, and its entropy is close to 0. This entropy was calculated at each hierarchical level.

To investigate the organized principle of hierarchical overlapping modules across multiple levels, we

further defined the local entropy to estimate the overlap degree of regions between two modules that

are separated from the same large module. In this situation, the participation probability of the region is

counted from the two modules.
Differential identifiability

The individual identifiability from the brain hierarchical overlapping modular structure is achieved by calcu-

lating the differential identifiability (Idiff).
49 We first quantified the spatial (Pearson) correlation of regional

entropies between hierarchical levels within- and between-individuals. The average correlation within an

individual is regarded as self-identifiability (Iself) and the average value between individuals is regarded

as between-individual similarity (Iothers).

Ikself =
1

l$l

Xl

i = 1

Xl

j = 1

Ckk
ij (Equation 6)
Ikothers =
1

l$l$ðK � 1Þ
XK

n = 1;nsk

Xl

i = 1

Xl

j = 1

Ckn
ij (Equation 7)

Here, l is the number of hierarchical levels and k means the individual. Ckn
ij represents the correlation coef-

ficient of entropies between level i in individual k and level j in individual n. Then, the Idiff of an individual is

defined as follows:

Ikdiff = Ikself � Ikothers (Equation 8)

which quantifies the difference between the average within individual entropy similarity and the average

between individual entropy similarity. A high value of Idiff indicates that the individual brain exhibits greater
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identifiability. By defining Idiff, we integrated information across multiple levels into a single metric and

made it comparable between individuals.
QUANTIFICATION AND STATISTICAL ANALYSIS

The linear regression model was applied to fit the symmetry between the two hemispheres in Figure 3C.

Two-sample t-test was used to estimate the significant difference. A value of p < 0.05 was considered to

be significant.
18 iScience 26, 106575, May 19, 2023
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