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SUMMARY

Long COVID is characterized by debilitating fatigue, likely stemming from abnormal interactions among brain
regions, but the neural mechanisms remain unclear. Here, we utilized a nested-spectral partition (NSP)
approach to study the segregation and integration of resting-state brain functional networks in 34 patients
with long COVID from acute to chronic phase post infection. Compared to healthy controls, patients with
long COVID exhibited significantly higher fatigue scores and shifted the brain into a less segregated state
at both 1 month and 3 months post infection. During the recovery of fatigue severity, there was no significant
difference of segregation/integration. A positive correlation between network integration and fatigue was
observed at 1 month, shifting to a negative correlation by 3 months. Gene Ontology analysis revealed that
both acute and long-term effects of fatigue were associated with abnormal social behavior. Our findings
reveal the brain network reconfiguration trajectories during post-viral fatigue progression that serve as func-
tional biomarkers for tracking neurocognitive sequelae.

INTRODUCTION

The COVID-19 pandemic, caused by severe acute respiratory

syndrome coronavirus 2 (SARS-CoV-2), has a profound impact

on patients’ quality of life while imposing substantial economic

burdens.1 Following the acute phase, which typically lasts

around 4 weeks after onset,2,3 approximately 10%–25%4,5 of

patients develop long COVID—a chronic condition with persis-

tent symptoms for over 12 weeks post infection.6 Long COVID

induced diverse symptoms,7 wherein the fatigue was consis-

tently reported as one of the most debilitating manifestations.8,9

Understanding the progression of long COVID fatigue and its

neurological basis is essential for the prevention and control of

post major infectious diseases.10,11

Normal brain functions depend on both the relatively indepen-

dent processing within specialized systems (segregation) and

the global cooperation between different systems (integration).12

This segregation and integration can reflect various cognitive

abilities13 and also be changed by task conditions and brain dis-

orders.14,15 Evidence has shown that COVID-19 infection can

negatively impact brain health both acutely and for months

following the initial infection.16 Neuroimaging studies have iden-

tified a characteristic pattern of functional connectivity (FC)

changes in patients with COVID-19, e.g., decreased connectivity

within higher-order cognitive networks, including the default

mode network (DMN), salience network, frontoparietal network

(FPN), and somatomotor network (SMN).17 These alternations

are associated with a variety of cognitive and neuropsychiatric

symptoms, e.g., cognitive deficits and depression.18 It is thus ex-

pected that long COVID has an effect on the segregation and

integration of brain FC networks. More importantly, fatigue is a

prominent symptom of long COVID, and it is thought to be linked

to the dynamics of integration and segregation.17 However, it is

still unclear how the long COVID alternates the segregation and

integration and how this alteration associates with the fatigue

symptom.

The current landscape of research was primarily composed of

cross-sectional, retrospective studies conducted 6 months or
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more after the initial infection.19 Such studies were prone to

recall bias and lack standardized criteria for selecting patients

with long COVID. Additionally, the scarcity of prospective cohort

studies leaves significant gaps in understanding the mecha-

nisms driving symptom onset and progression over time. This

underscores the need for longitudinal prospective studies20 to

elucidate the temporal and biological dynamics of the neurolog-

ical effects associated with long COVID fatigue. Furthermore, in-

consistencies remain regarding the regions and extent of FC al-

terations in patients with long COVID,21,22 highlighting the critical

need for robust findings to elucidate the neural underlyingmech-

anisms. Therefore, we anticipate observing dynamic changes of

segregation and integration in the brain’s resting state in a longi-

tudinal long COVID cohort from acute to chronic phase, corre-

sponding with fluctuations in fatigue severity over time.

In this study, 34 patients with long COVID recovered from an

initial mild SARS-CoV-2 infection underwent neuropsychological

measurements and MRI scans at 1 month and 3 months post

infection. 24 healthy controls followed the same protocol as

the 1-month post-infection group simultaneously. The selection

of participants with long COVID was based on the Long COVID

Symptoms and Severity Score, a validated tool addressing a sig-

nificant gap in the standardized and quantifiable monitoring of

long COVID.23 We aimed to investigate the characteristics and

neurological basis of long COVID fatigue through a prospective

longitudinal study. First, we reported the fatigue symptom in pa-

tients with long COVID tracking its recovery over time. Second,

we studied the segregation and integration of brain networks in

patients with long COVID at different phases as well as their rela-

tionship with fatigue measurement. Finally, we performed Gene

Ontology (GO) enrichment analysis to identify human disease

phenotypes associated with the fatigue.

RESULTS

Characteristics of samples
In this longitudinal study, the healthy controls (HCs) included 24

non-infected individuals, and the long COVID group consisted of

36 individuals who had previously been diagnosed with mild

SARS-CoV-2 infections and were experiencing symptoms of

long COVID, but 2 patients with long COVID were excluded

because of poor image quality. Assessments were conducted

at two time points: 1 month post infection, with a time since

symptom onset of 24 days (interquartile range: 21–27 days),

and at 3 months post infection, with the time since symptom

onset at 101 days (interquartile range: 92–106 days). The tempo-

ral distribution was aligning with the initial wave of COVID-19 in

China. We analyzed categorical variables using the chi-squared

test and Fisher’s exact test. For continuous variables, the Mann-

Whitney U test was employed to assess differences between

groups. The educational level was the only variable exhibiting

significant differences between the two groups, which was

used as a covariate in subsequent analyses. The participant

characteristics are summarized in Table 1.

Higher MFI-20 score in long COVID infection
Table 2 shows the Multidimensional Fatigue Inventory (MFI-20)

assessment results. Compared to HCs, patients with long

COVID at 1 month post infection exhibited significantly higher

scores on the MFI-20 total score (p < 0.001, Figure 1A) and all

subscales (general fatigue, physical fatigue, mental fatigue,

Table 1. Characteristics of samples (n = 58)

Control

(N = 24)

Long

COVID

(N = 34) p value

Male sex, no. (%) 11 (45.83) 21 (61.76) >0.05

Age, median

(Q1–Q3) – year

43 (36, 49) 36 (31, 45) >0.05

Educational level,

median (Q1–Q3) – year

16 (12, 16) 17 (15, 17) 0.002

BMI, no. (%)

Underweight 0 (0.00) 0 (0.00) >0.05

Normal weight 15 (62.50) 14 (41.18)

Overweight 9 (37.50) 16 (47.06)

Obesity 0 (0.00) 4 (11.76)

Presence of chronic

diseases, no. (%)

No 20 (83.33) 30 (88.24) >0.05

Yes 4 (16.67) 4 (11.76)

Vaccination status,

no. (%)

None 2 (8.33) 1 (2.94) >0.05

Booster dose 18 (75.00) 27 (79.41)

Partially vaccinated 0 (0.00) 2 (5.88)

Two vaccine doses 4 (16.67) 4 (11.77)

Mean FD, median (Q1–Q3) 0.05 (0.04,

0.09)

0.06 (0.04,

0.07)

>0.05

LC-SSS, median (Q1–Q3) – 24 (4, 14)

Total 24 (100.00) 34 (100.00)

Mean FD, volume-level mean FD (Jenkinson) for accounting head motion

at group-level analysis. p < 0.05 considered significant. LC-SSS, Long

COVID Symptoms and Severity Score.

Table 2. Results of Multidimensional Fatigue Inventory (MFI-20),

median (Q1–Q3)

Control

(N = 24)

1-month

post-infection

(N = 34)

3-month

post-infection

(N = 34)

MFI-20

Total score 37.5 (31.5, 46) 56.5 (47.5, 62) 48.5 (36.25, 57)

General

fatigue

8 (6, 11.25) 12.5 (10, 15.75) 10 (8, 12)

Physical

fatigue

7.5 (5.75, 11) 11.5 (9.25, 13) 10 (6.25, 12)

Mental

fatigue

6 (4.75, 10.25) 11 (7.5, 12.75) 9.5 (6.25, 11.75)

Reduced

activity

8 (5.75, 11) 11 (9.25, 12.75) 10.5 (7.25, 12)

Reduced

motivation

7 (5, 9.25) 10.5 (9, 12) 9 (5.25, 10.75)

MFI-20, Multidimensional Fatigue Inventory.
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reduced activity, and reduced motivation, all p < 0.001, Bonfer-

roni-corrected, Figure 1A). Between 1 month and 3 months post

infection, the reductions in the MFI-20 total score and all sub-

scales were observed, but only the decrease in MFI-20 total

score and general fatigue was statistically significant (p =

0.032, p = 0.014, Bonferroni-corrected, Figure 1C), reflecting a

potential recovery of MFI at 3 months. But when directly

comparing the control and 3-month post-infection, the MFI-20

total score andmost subscales in 3-month post-infection are still

significantly higher than those for HC (MFI-20 total score: p <

0.001; physical fatigue, mental fatigue, and reduced activity: all

p < 0.001, Bonferroni-corrected, Figure 1B), except for the

reduced motivation (Bonferroni-corrected, p = 1) and general fa-

tigue (Bonferroni-corrected, p = 1), indicating the long-lasting ef-

fect of COVID on MFI in individuals. Specific results are detailed

in Table S3.

Increased network integration and decreased
segregation in long COVID infection
We next investigated how the long-lasting effect of COVID and

the recovery of MFI specifically affect the brain network config-

uration. We here employed the nested-spectral partition (NSP)

method to measure the functional integration and the segrega-

tion across both the whole-brain and local scales. Compared

to HCs, 1-month post-infection patients showed a significant in-

crease in network integration (0.132 ± 0.014, p < 0.001, Fig-

ure 2A) and a decrease in segregation (�0.485 ± 0.046, p <

0.001, Figure 2B). These alterations were consistently observed

in network integration and segregation across nearly all net-

works, including FPN, ventral attention network (VAN), DMN,

dorsal attention network (DAN), SMN, limbic network, visual

network (VN), and subcortical network (SCN) (all of them: Bonfer-

roni-corrected, p < 0.05, Figure 2). At the regional level, most of

regions (Bonferroni-corrected, p < 0.05, Figures 3A and 3B) has

the increased integration and decreased segregation at 1 month

post infection relative to HC. To improve the statistical power, we

here focused on the regions of interest (ROIs) that have sig-

nificant differences (Bonferroni-corrected, p < 0.05, Figures 3A

and 3B) in both integration and segregation, generating

134 ROIs.

There was no significant difference of segregation/integration

between the 1-month and 3-month post-infection groups in the

whole-brain, system and regional scales (Figure S1), even the re-

covery of MFI (Figure 1C). But compared to the HCs, 3-month

post-infection patients had insignificant change of integration

(�0.485 ± 0.046, p = 0.918, Figure 2C) and significantly

decreased segregation (�0.405 ± 0.048, p < 0.001, Figure 2D).

This decrease is also significant in seven systems (Bonferroni-

corrected, p < 0.05, Figure 2D) except for the SCN (Bonferroni-

corrected, p = 1, Figure 2D). At the regional scale (Figures 3C

and 3D), individuals with 3-month post-infection exhibited signif-

icant differences in both integration and segregation in 14 ROIs,

Figure 1. Comparative analysis of fatigue in patients with long COVID and healthy controls

(A) Comparisons of Multidimensional Fatigue Inventory (MFI-20) scores between the 1-month post-infection and healthy control (HC) groups, (B) the 3-month

post-infection and HC groups, and (C) the 3-month and 1-month post-infection groups. Radar plots represent the t value in different dimensions of MFI-20

(dot: Bonferroni-corrected, p < 0.05).

Data are represented as mean ± SEM.
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including the right precentral gyrus, superior temporal gyrus, left

parahippocampal gyrus, insular gyrus, left superior frontal gyrus,

lateral occipital cortex (LOcC), left hippocampus, left basal

ganglia, right inferior frontal gyrus, and left thalamus (Bonfer-

roni-corrected, p < 0.05). Specific results are detailed in

Table S3.

Shift in correlations between brain networks and MFI
scores in 1-month and 3-month infection
While the MFI had a recovery across MFI-20 (total score and all

subdimensions [general fatigue, physical fatigue, mental fatigue,

reduced activity, and reduced motivation]) from 1 month to

3 months, the brain network did not show a significant change

of integration and segregation, such that the correlation between

brain networks and MFI-20 may be alternated from 1 month to

3 months. In 1-month post-infection group, the MFI-20 total

score was insignificantly correlated with integration (r = 0.123,

p = 0.325, Figure 4) and segregation (r = �0.238, p = 0.080, Fig-

ure 4) at the global level, but the physical fatigue was significantly

correlated with segregation (r = �0.328, p = 0.006, Figure 4). At

the network level, the correlations between the MFI-20 total

score and its subdimensions with integration and segregation

followed a similar trend, though almost none were statistically

significant. Only the physical fatigue is significantly negatively

correlated with the segregation of VN (r = �0.374, p = 0.011,

Bonferroni-corrected, Figure 4). In regional scale, left medioven-

tral occipital cortex (MVOcC) and LOcC showed significant

negative correlations with physical fatigue (MVOcC: r =

�0.487, p < 0.001; LOcC, r = �0.539, p = 0.015, Bonferroni-cor-

rected, see Table S4). These correlations were similar in the HC

group (Figure S2).

But for the 3-month post-infection group, the correlation

trends were opposite. MFI-20 total score and nearly all the sub-

dimensions of MFI-20 were significantly negatively correlated

with network integration and positively correlated with segrega-

tion (all p< 0.05, Figure 4). The only exceptionwas the correlation

between mental fatigue and integration (r = �0.254, p = 0.162,

Figure 4). At the system scale, the MFI-20 total score was posi-

tively correlated with segregation and negatively correlated with

integration in DAN (with integration: r = �0.458, p < 0.001; with

segregation: r = 0.541, p < 0.001), DMN (with integration: r =

�0.381, p = 0.004; with segregation: r = 0.434, p < 0.001), FPN

(with integration: r = �0.430, p = 0.002; with segregation: r =

0.524, p < 0.001), and VN (with integration: r = �0.358, p =

0.004; with segregation: r = 0.450, p < 0.001, Bonferroni-cor-

rected) networks (Figure 4). More specifically, reduced

Figure 2. Comparative analysis of integration and segregation

The changes in network integration (A) between the 1-month post-infection and healthy control (HC) groups, and (C) between the 3-month post-infection and HC

groups. The changes in network segregation were provided on (B) and (D). Radar plots indicate the differences in eight networks (dot: p < 0.05, Bonferroni-

corrected). SCN, subcortical network; VN, visual network; SMN, somatosensory-motor network; DAN, dorsal attention network; VAN, ventral attention network;

LN, limbic network; FPN, frontoparietal network; DMN, default mode network.

Data are represented as mean ± SEM.
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motivation showed a significantly positive correlation with segre-

gation and negative correlation with integration in DAN (with inte-

gration: r = �0.418, p < 0.001; with segregation: r = 0.493, p <

0.001) and VN (with integration: r =�0.399, p < 0.001; with segre-

gation: r = 0.532, p < 0.001, Bonferroni-corrected) networks (Fig-

ure 4). At the regional scale, the integration of two ROIs (left pos-

terior superior temporal sulcus [pSTS] and LOcC) was both

significantly negatively correlated with reduced motivation (left

pSTS: r =�0.440, p < 0.05; left LOcC, r =�0.527, p < 0.05, Bon-

ferroni-corrected). Meanwhile, the segregation of these ROIs

showed significant positive correlations with reduced motivation

(left pSTS, r = 0.592, p < 0.05; left LOcC, r = 0.544, p < 0.05, Bon-

ferroni-corrected). All the results are detailed in Table S4.

Linking effects of fatigue to gene transcriptional profiles
We collected whole-brain gene expression profiles of 246 par-

cellation regions from the Allen Human Brain Atlas and linked

the components dominantly affected by fatigue to gene expres-

sion. First, we calculated the effect (estimated by regression co-

efficient) of MFI-20 total score on integration/segregation in each

region at 1 month and 3 months post infection separately. This

helped identify key genes that were statistically significant (Bon-

ferroni-corrected, p < 0.05). Then, we calculated the correlation

between the effect and gene transcriptional profiles in all re-

gions. At 1 month post infection, 4,604 significant genes were

identified, with 1,561 genes related to integration and 3,043

Figure 3. Comparative analysis of integra-

tion and segregation in regions

The changes in regional integration (A) between

the 1-month post-infection and healthy control

(HC) groups, and (C) between the 3-month post-

infection and HC groups. The changes in regional

segregation were provided on (B) and (D). Brain

maps represent the t values of statistics in signif-

icant regions (p < 0.05, Bonferroni-corrected).

genes related to segregation (Bonfer-

roni-corrected, p < 0.05, Figure S3). At

3 months post infection, 4,133 significant

genes were identified, with 4,111 genes

related to integration and 22 genes

related to segregation (Bonferroni-cor-

rected, p < 0.05, Figure S3). We then

used these significant genes to perform

GO annotation analysis using the

ToppGene Suite. We observed that the

human disease phenotypes included

abnormal social behavior, abnormal

communication in both 1-month and

3-month infection, indicating the same

association between COVID-indicated

social problem and fatigue Figure 5).

DISCUSSION

This work studied functional segregation

and integration in brain FC networks

with long COVID fatigue from acute to chronic phases. We first

found that patients with long COVID exhibited significantly

higher fatigue scores than healthy controls, with self-recovery

from 1 month to 3 months. Second, the brain networks of pa-

tients with long COVID tend to be more integrated and less

segregated, with more pronounced changes at 1 month. Third,

the correlation between brain network segregation and fatigue

severity shifted from negative at 1 month to positive at 3 months

post infection. Finally, GO analysis revealed that the effects of fa-

tigue in patients with long COVIDwere associated with abnormal

social behavior. Our findings systematically delineate multiscale

neural mechanisms underlying post-viral fatigue progression,

revealing dynamic brain network reconfiguration trajectories

from acute to chronic phases that serve as functional biomarkers

for tracking neurocognitive sequelae.

It is increasingly recognized that higher-order network func-

tions, which are important in the context of long COVID fatigue,

mainly depend on distributed large-scale brain networks rather

than isolated regions.24 Our results further confirm that during

the acute phase, patients with long COVID suffered a highly inte-

grated and less segregated brain, underscoring the widespread

impact of long COVID on overall brain connectivity. Specifically,

the reduced segregation of DMNand the increased integration of

VAN showed themost pronounced alterations. VAN has a crucial

function of regulating and providing input into networks involved

in cognition such as the DMN, DAN, and FPN,25 even functions
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as a switch between these networks.26,27 This regulatory func-

tion arises from the sensitivity of the VAN for detecting salient

environmental stimuli.28,29 Therefore, the changes observed in

VAN and DMN may represent a rapid neural mechanism in

response to COVID-19 in acute phase of patients with long

COVID. This aligns with the theory that COVID-19 stress induces

a dynamic reallocation of resources between brain networks to

maintain a hypervigilant state, promoting threat detection and

survival.30 At 3 months post infection, global- and network-level

integration was no longer significantly different from that of

healthy controls, and the reduction in segregation had partially

diminished, indicating a partial recovery of brain network func-

tion in tandem with improvements in fatigue symptoms over

time. Nevertheless, a decrease in segregation remained evident,

particularly in FPN. Prior research highlighted that the reduced

segmentation of top-down (FPN) system may act as a com-

pensatory mechanism for cognitive decline associated with

persistent fatigue following infection, thereby supporting the

maintenance of normal cognitive function.31,32 Therefore, the

persistent alterations in brain network connectivity, especially

within the attention network, may serve as neural correlates of fa-

tigue in patients with COVID.

Our results further support the hypothesis that segregation

and integration correlated with long COVID fatigue. In the acute

phase, though not statistically significant, we observed a posi-

tive relationship between integration and fatigue, and a negative

relationship between segregation and fatigue. A reversal in the

correlations observed was noted in the chronic phase: fatigue

was positively associated with segregation and negatively asso-

ciated with integration. And these relationships were stronger

Figure 4. Correlation of NSP metrics with fatigue scores across different groups in global and network levels

Depicting the correlation of network segregation and integration with various dimensions of fatigue (general fatigue, mental fatigue, physical fatigue, reduced

activity, and reduced motivation) as measured by the Multidimensional Fatigue Inventory (MFI-20) for patients with long COVID at 1-month and 3-month post

infection.

Figure 5. Effects of fatigue and gene profiles

Gene Ontology (GO) enrichment results for human disease phenotypes using ToppGene for (A) 1-month post-infection group and (B) 3-month post-infection

group.
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than those observed in the acute phase or in healthy individuals,

highlighting fatigue as a key neurological symptom in long

COVID. This shift from patterns seen at 1 month may indicate a

reduction in the acute illness response. In patients with chronic

fatigue syndrome, fatigue is negatively correlated with integra-

tion,33,34 which is consistent with our results, implying long

COVID fatigue aligning closely with typical pathological changes

associatedwith chronic fatigue conditions. More specifically, our

results indicate that long COVID fatigue is linked to increased

segregation and decreased integration, particularly in DAN and

VN, and is most evident in reduced motivation. In line with this,

reduced motivation was positively correlated with integration

and negatively correlated with segregation in the left LOcC (in

VN) and left pSTS (in DMN). This shift from physical fatigue to

reduced motivation may be driven by altered brain segregation

in VN and DAN. Since visual processing plays a critical role in se-

lective attention35–37 and the VN can influence mental health by

facilitating communication between higher-order cognitive net-

works, the FPN and the DMN,4 our findings emphasize the

importance of the visual system and attention network in shaping

long COVID fatigue perception.

This study also delineates the evolving gene transcriptional

profiles associated with long COVID fatigue. The COVID-19

pandemic, as a massive social stressor, may have triggered

changes in social behavior, which could manifest as part of the

broader symptomatology of long COVID.38 The possible linkage

between the genes associated with abnormal social behavior

and long COVID fatigue may reflect the broader biopsychosocial

impact of long COVID, influencing both the brain’s functional

connectivity and the patient’s emotional and social response39

to the condition.

Limitations of the study
A limitation of this study is the limited sample cohort and the lack

of a contemporaneous healthy control group at the 3-month

post-infection. Larger sample size may contribute to identifying

more significant relationships between brain networks and fa-

tigue symptoms. Besides, due to the rapid spread of the first

wave of infections in China, it was challenging to find enough un-

infected individuals as controls. Another limitation is the reliance

on self-reported measures of fatigue, which may be subject to

reporting bias. Furthermore, this study did not account for the

categorization of symptom severity of patients with long

COVID. It may limit the understanding of how the condition im-

pacts patients with long COVID differently.

RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources and reagents should be

directed to and will be fulfilled by the lead contact, Xuan Niu (niuxuan@xjtu.

edu.cn).

Materials availability

This study did not generate new unique reagents.

Data and code availability

d All the data were obtained from the First Affiliated Hospital of Xi’an Jiao-

tong University. The data are available from the corresponding authors

upon acceptance of this manuscript and a reasonable request.

d The code for analyzing segregation and integration at the ROI, network,

and global levels using the NSP method is available at https://github.

com/TobousRong/ADHD. Additional data analysis code can be accessed

at https://github.com/LouiseRyan95/Segregation-and-Integration-of-

Resting-state-Brain-Networks-in-a-Longitudinal-Long-COVID-Cohort.

d Any additional information required to reanalyze the data reported in this

paper is available from the lead contact upon request.
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Dynamic adaptation of large-scale brain networks in response to acute

stressors. Trends Neurosci. 37, 304–314. https://doi.org/10.1016/j.tins.

2014.03.006.

31. Taya, F., Dimitriadis, S.I., Dragomir, A., Lim, J., Sun, Y., Wong, K.F., Tha-

kor, N.V., and Bezerianos, A. (2018). Fronto-Parietal Subnetworks Flexi-

bility Compensates For Cognitive Decline Due To Mental Fatigue. Hum.

Brain Mapp. 39, 3528–3545. https://doi.org/10.1002/hbm.24192.

32. Yan, C.-G., Cheung, B., Kelly, C., Colcombe, S., Craddock, R.C., Di Mar-

tino, A., Li, Q., Zuo, X.-N., Castellanos, F.X., and Milham, M.P. (2013). A

8 iScience 28, 112237, April 18, 2025

iScience
Article

ll
OPEN ACCESS

https://doi.org/10.3892/mmr.2020.11393
https://doi.org/10.3892/mmr.2020.11393
https://doi.org/10.1111/pcn.13481
https://www.who.int/health-topics/coronavirus
https://doi.org/10.1038/s41579-022-00846-2
https://doi.org/10.1136/bmj-2022-071050
https://www.who.int/europe/news-room/fact-sheets/item/post-covid-19-condition
https://www.who.int/europe/news-room/fact-sheets/item/post-covid-19-condition
https://doi.org/10.1017/S1355617721000345
https://doi.org/10.1001/jama.2022.18931
https://doi.org/10.1177/01410768211032850
https://doi.org/10.1177/01410768211032850
https://doi.org/10.1016/j.bbi.2021.12.020
https://doi.org/10.1016/j.bbi.2021.12.020
https://doi.org/10.1016/j.neuroimage.2025.121011
https://doi.org/10.1016/j.tics.2019.04.002
https://doi.org/10.1016/j.tics.2019.04.002
https://doi.org/10.1073/pnas.2022288118
https://doi.org/10.1002/hbm.26087
https://doi.org/10.1016/j.isci.2022.104673
https://doi.org/10.1016/j.tics.2023.08.008
https://doi.org/10.1007/s10549-021-06326-0
https://doi.org/10.3389/fpsyg.2023.1207988
https://doi.org/10.3389/fpsyg.2023.1207988
https://doi.org/10.1016/j.lanwpc.2024.101086
https://doi.org/10.1007/s10072-024-07427-6
https://doi.org/10.1007/s10072-024-07427-6
https://doi.org/10.1016/j.psychres.2024.116113
https://doi.org/10.1016/j.psychres.2024.116113
https://doi.org/10.1101/2022.02.01.478677
https://doi.org/10.1016/j.jval.2024.04.009
https://doi.org/10.1002/hbm.26163
https://doi.org/10.1007/s00429-010-0262-0
https://doi.org/10.1038/ncomms9414
https://doi.org/10.1073/pnas.0800005105
https://doi.org/10.1073/pnas.0800005105
https://doi.org/10.1016/j.neuron.2008.04.017
https://doi.org/10.1212/WNL.0b013e31826d5f10
https://doi.org/10.1212/WNL.0b013e31826d5f10
https://doi.org/10.1016/j.tins.2014.03.006
https://doi.org/10.1016/j.tins.2014.03.006
https://doi.org/10.1002/hbm.24192


comprehensive assessment of regional variation in the impact of head mi-

cromovements on functional connectomics. Neuroimage 76, 183–201.

https://doi.org/10.1016/j.neuroimage.2013.03.004.

33. Wang, R., Zhen, S., Zhou, C., and Yu, R. (2022). Acute stress promotes

brain network integration and reduces state transition variability. Proc.

Natl. Acad. Sci. USA 119, e2204144119. https://doi.org/10.1073/pnas.

2204144119.

34. Pedraz, B., and Sammer, G. (2018). The importance of glutamate in the

neuro-endocrinological functions in multiple sclerosis, related to fatigue.

Rev. Neurol. 67, 387–393.

35. Zhao, S., Lin, H., Chi, A., and Gao, Y. (2023). Effects of acute exercise fa-

tigue on the spatiotemporal dynamics of resting-state large-scale brain

networks. Front. Neurosci. 17, 986368. https://doi.org/10.3389/fnins.

2023.986368.

36. Kawashima, R., O’Sullivan, B.T., and Roland, P.E. (1995). Positron-emis-

sion tomography studies of cross-modality inhibition in selective atten-

tional tasks: closing the ‘‘mind’s eye.’’. Proc. Natl. Acad. Sci. USA 92,

5969–5972. https://doi.org/10.1073/pnas.92.13.5969.

37. Wu, Z., and Sabel, B.A. (2021). Spacetime in the brain: rapid brain network

reorganization in visual processing and recovery. Sci. Rep. 11, 17940.

https://doi.org/10.1038/s41598-021-96971-8.

38. Swerdlow, B.A., Johnson, S.L., Timpano, K.R., Porter, P.A., and Dev, A.

(2021). Longitudinal associations between internalizing symptoms, social

behavior, and social perceptions in the initial months of the COVID-19

pandemic: Findings from a transdiagnostic community sample. J. Affect.

Disord. 294, 805–812. https://doi.org/10.1016/j.jad.2021.07.093.

39. Smith, C.J., and Bilbo, S.D. (2021). Sickness and the Social Brain: Love in

the Time of COVID. Front. Psychiatr. 12, 633664. https://doi.org/10.3389/

fpsyt.2021.633664.

40. Coronavirus disease (COVID-19): Post COVID-19 condition https://www.

who.int/news-room/questions-and-answers/item/coronavirus-disease-

(covid-19)-post-covid-19-condition.

41. Hinz, A., Benzing, C., Brähler, E., Zenger, M., Herzberg, P.Y., Finck, C.,

Schmalbach, B., and Petrowski, K. (2020). Psychometric Properties of

the Multidimensional Fatigue Inventory (MFI-20), Derived From Seven

Samples. J. Pain Symptom Manag. 59, 717–723. https://doi.org/10.

1016/j.jpainsymman.2019.12.005.

42. Chao-Gan, Y., and Yu-Feng, Z. (2010). DPARSF: A MATLAB Toolbox for

‘‘Pipeline’’ Data Analysis of Resting-State fMRI. Front. Syst. Neurosci. 4,

13. https://doi.org/10.3389/fnsys.2010.00013.

43. Yan, C.-G., Wang, X.-D., Zuo, X.-N., and Zang, Y.-F. (2016). DPABI: Data

Processing & Analysis for (Resting-State) Brain Imaging. Neuroinformatics

14, 339–351. https://doi.org/10.1007/s12021-016-9299-4.

44. Ashburner, J. (2007). A fast diffeomorphic image registration algorithm.

Neuroimage 38, 95–113. https://doi.org/10.1016/j.neuroimage.2007.

07.007.

45. Friston, K.J., Williams, S., Howard, R., Frackowiak, R.S., and Turner, R.

(1996). Movement-related effects in fMRI time-series. Magn. Reson.

Med. 35, 346–355. https://doi.org/10.1002/mrm.1910350312.

46. Jenkinson, M., Bannister, P., Brady, M., and Smith, S. (2002). Improved

optimization for the robust and accurate linear registration and motion

correction of brain images. Neuroimage 17, 825–841. https://doi.org/10.

1016/s1053-8119(02)91132-8.

47. Murphy, K., Birn, R.M., Handwerker, D.A., Jones, T.B., and Bandettini,

P.A. (2009). The impact of global signal regression on resting state corre-

lations: are anti-correlated networks introduced? Neuroimage 44,

893–905. https://doi.org/10.1016/j.neuroimage.2008.09.036.

48. Schölvinck, M.L., Maier, A., Ye, F.Q., Duyn, J.H., and Leopold, D.A. (2010).

Neural basis of global resting-state fMRI activity. Proc. Natl. Acad. Sci.

USA 107, 10238–10243. https://doi.org/10.1073/pnas.0913110107.

49. Fan, L., Li, H., Zhuo, J., Zhang, Y., Wang, J., Chen, L., Yang, Z., Chu, C.,

Xie, S., Laird, A.R., et al. (2016). The Human Brainnetome Atlas: A New

Brain Atlas Based on Connectional Architecture. Cerebr. Cortex 26,

3508–3526. https://doi.org/10.1093/cercor/bhw157.

50. Yeo, B.T.T., Krienen, F.M., Sepulcre, J., Sabuncu, M.R., Lashkari, D., Hol-

linshead, M., Roffman, J.L., Smoller, J.W., Zöllei, L., Polimeni, J.R., et al.

(2011). The organization of the human cerebral cortex estimated by

intrinsic functional connectivity. J. Neurophysiol. 106, 1125–1165.

https://doi.org/10.1152/jn.00338.2011.

51. Zhang, S., Zhou, J., Cui, J., Zhang, Z., Liu, R., Feng, Y., Feng, L., Wang, Y.,

Chen, X., Wu, H., et al. (2023). Effects of 12-week escitalopram treatment

on resting-state functional connectivity of large-scale brain networks in

major depressive disorder. Hum. Brain Mapp. 44, 2572–2584. https://

doi.org/10.1002/hbm.26231.

52. Supekar, K., Musen, M., and Menon, V. (2009). Development of large-

scale functional brain networks in children. PLoS Biol. 7, e1000157.

https://doi.org/10.1371/journal.pbio.1000157.

53. (2020). Stress-induced changes in modular organizations of human brain

functional networks. Neurobiol. Stress 13, 100231. https://doi.org/10.

1016/j.ynstr.2020.100231.

54. Wang, R., Lin, P., Liu, M., Wu, Y., Zhou, T., and Zhou, C. (2019). Hierarchi-

cal Connectome Modes and Critical State Jointly Maximize Human Brain

Functional Diversity. Phys. Rev. Lett. 123, 038301. https://doi.org/10.

1103/PhysRevLett.123.038301.

55. Wang, R., Lin, P., Liu, M., Wu, Y., Zhou, T., and Zhou, C. (2019). Hierarchi-

cal Connectome Modes and Critical State Jointly Maximize Human Brain

Functional Diversity. Phys. Rev. Lett. 123, 038301. https://doi.org/10.

1103/PhysRevLett.123.038301.

56. Hawrylycz, M.J., Lein, E.S., Guillozet-Bongaarts, A.L., Shen, E.H., Ng, L.,

Miller, J.A., van de Lagemaat, L.N., Smith, K.A., Ebbert, A., Riley, Z.L.,

et al. (2012). An anatomically comprehensive atlas of the adult human

brain transcriptome. Nature 489, 391–399. https://doi.org/10.1038/

nature11405.

57. Fan, L., Li, H., Zhuo, J., Zhang, Y., Wang, J., Chen, L., Yang, Z., Chu, C.,

Xie, S., Laird, A.R., et al. (2016). The Human Brainnetome Atlas: A New

Brain Atlas Based on Connectional Architecture. Cereb. Cortex 26,

3508–3526. https://doi.org/10.1093/cercor/bhw157.

58. Markello, R.D., Arnatkeviciute, A., Poline, J.-B., Fulcher, B.D., Fornito, A.,

and Misic, B. (2021). Standardizing workflows in imaging transcriptomics

with the abagen toolbox. Elife 10, e72129. https://doi.org/10.7554/eLife.

72129.

59. Kaimal, V., Bardes, E.E., Tabar, S.C., Jegga, A.G., and Aronow, B.J.

(2010). ToppCluster: a multiple gene list feature analyzer for comparative

enrichment clustering and network-based dissection of biological sys-

tems. Nucleic Acids Res. 38, W96–W102. https://doi.org/10.1093/nar/

gkq418.

60. Sedgwick, P. (2014). Multiple hypothesis testing and Bonferroni’s correc-

tion. BMJ 349, g6284. https://doi.org/10.1136/bmj.g6284.

iScience 28, 112237, April 18, 2025 9

iScience
Article

ll
OPEN ACCESS

https://doi.org/10.1016/j.neuroimage.2013.03.004
https://doi.org/10.1073/pnas.2204144119
https://doi.org/10.1073/pnas.2204144119
http://refhub.elsevier.com/S2589-0042(25)00498-5/sref33
http://refhub.elsevier.com/S2589-0042(25)00498-5/sref33
http://refhub.elsevier.com/S2589-0042(25)00498-5/sref33
https://doi.org/10.3389/fnins.2023.986368
https://doi.org/10.3389/fnins.2023.986368
https://doi.org/10.1073/pnas.92.13.5969
https://doi.org/10.1038/s41598-021-96971-8
https://doi.org/10.1016/j.jad.2021.07.093
https://doi.org/10.3389/fpsyt.2021.633664
https://doi.org/10.3389/fpsyt.2021.633664
https://www.who.int/news-room/questions-and-answers/item/coronavirus-disease-(covid-19)-post-covid-19-condition
https://www.who.int/news-room/questions-and-answers/item/coronavirus-disease-(covid-19)-post-covid-19-condition
https://www.who.int/news-room/questions-and-answers/item/coronavirus-disease-(covid-19)-post-covid-19-condition
https://doi.org/10.1016/j.jpainsymman.2019.12.005
https://doi.org/10.1016/j.jpainsymman.2019.12.005
https://doi.org/10.3389/fnsys.2010.00013
https://doi.org/10.1007/s12021-016-9299-4
https://doi.org/10.1016/j.neuroimage.2007.07.007
https://doi.org/10.1016/j.neuroimage.2007.07.007
https://doi.org/10.1002/mrm.1910350312
https://doi.org/10.1016/s1053-8119(02)91132-8
https://doi.org/10.1016/s1053-8119(02)91132-8
https://doi.org/10.1016/j.neuroimage.2008.09.036
https://doi.org/10.1073/pnas.0913110107
https://doi.org/10.1093/cercor/bhw157
https://doi.org/10.1152/jn.00338.2011
https://doi.org/10.1002/hbm.26231
https://doi.org/10.1002/hbm.26231
https://doi.org/10.1371/journal.pbio.1000157
https://doi.org/10.1016/j.ynstr.2020.100231
https://doi.org/10.1016/j.ynstr.2020.100231
https://doi.org/10.1103/PhysRevLett.123.038301
https://doi.org/10.1103/PhysRevLett.123.038301
https://doi.org/10.1103/PhysRevLett.123.038301
https://doi.org/10.1103/PhysRevLett.123.038301
https://doi.org/10.1038/nature11405
https://doi.org/10.1038/nature11405
https://doi.org/10.1093/cercor/bhw157
https://doi.org/10.7554/eLife.72129
https://doi.org/10.7554/eLife.72129
https://doi.org/10.1093/nar/gkq418
https://doi.org/10.1093/nar/gkq418
https://doi.org/10.1136/bmj.g6284


STAR+METHODS

KEY RESOURCES TABLE

EXPERIMENTAL MODEL AND SUBJECT DETAILS

The Ethics Committee of First Affiliated Hospital of Xi ’an Jiaotong University, has approved this study, which conducted from

January to April 2022. All participants provided informed consent after receiving a comprehensive explanation of the study’s aims

and procedures.

We enrolled 58 participants across two groups for this cohort study. The first group consisted of 34 participants (age: 31–45, me-

dian age = 36 years, 13 females) diagnosed with long COVID, assessed using the LC-SSS23 within 48 h of the MRI examination. The

LC-SSSwas specifically designed for individuals experiencing post-COVID-19 conditions lasting at least threemonths and evaluates

a wide range of potential symptoms along with their severity levels. In this study, inclusion criteria aligned with the World Health Or-

ganization definition requiring persistence of at least one symptom for R12 weeks following SARS-CoV-2 infection.40 The criteria

were applied based solely on the presence of any symptom, without considering severity. Consequently, a total LC-SSS score

greater than 0 was used to identify long COVID patients. These participants were evaluated at both 1-month and 3-month post-initial

mild SARS-CoV-2 infection. The control group included 24 healthy, non-infected individuals (age: 36–49, median age = 43 years, 13

females). Eligible participants had no history of neurological or psychiatric diseases, brain tumors, andmet the criteria for MRI safety.

Additionally, all the participants completed theMultidimensional Fatigue Inventory (MFI-20)41 within 48 h before their MRI evaluations

to assess their fatigue levels. SARS-CoV-2 infection in the first group was confirmed via RT-PCR or positive antibody tests. Healthy

controls were required to undergo repeated negative RT-PCR tests, and have no clinical signs or symptoms associated with COVID-

19. All participants underwent blood tests, including IgG and IgM analyses, which helps to determine whether there was a history of

SARS-CoV-2 infection.

METHOD DETAILS

MRI acquisition and preprocessing
MRI examinations were acquired using a 3 Tesla scanner. Imaging parameters are described in Table S1. DPABI v8.142,43 was used

to preprocess resting-state fMRI data. The preprocessing steps were as follows: first 10 time points deletion; slice timing correction;

The realignment on functional volumes used a six-parameter (rigid body) linear transformation with a two-pass procedure (registered

to the first image and then registered to the mean of the images after the first realignment). After the realignment, individual T1-

weighted MPRAGE images were co-registered to the mean functional image using a 6-degree-of-freedom linear transformation

without re-sampling to ensure that the T1 images and functional images were spatially aligned before segmentation. Then T1-

weighted MPRAGE images were segmented into gray matter, white matter (WM), and cerebrospinal fluid (CSF). Finally, transforming

images from individual native space to MNI space with the Diffeomorphic Anatomical Registration Through Exponentiated Lie

algebra (DARTEL) tool44; nuisance covariance regression, including head motion (Friston 24-parameter model45); white matter sig-

nals and cerebral spinal fluid signals (A principal component analysis was used to extract the first five principal components to explain

90% of signal variance from the white matter and the cerebral spinal fluid); functional images normalization (T1 images were used);

smoothing (4 mm full-width at half-maximum (FWHM) Gaussian kernel); and band-pass filtering (0.01–0.1 Hz). The time point with an

FD power (Jenkinson) of <0.2 mm46 was regarded as good.32 The global signal regression would introduce more negative functional

connectivity, and its use remains controversial in resting-state fMRI analyses.47,48 Therefore, we did not remove the whole-brain

global signal.

REAGENT or RESOURCE SOURCE IDENTIFIER

Biological samples

Healthy adults First Affiliated Hospital of Xi’an Jiaotong University

Long COVID patients First Affiliated Hospital of Xi’an Jiaotong University

Software and algorithms

MATLAB R2023a MathWorks https://github.com/TobousRong/ADHD

RStudio Desktop 2024.12.1 Posit Software https://github.com/LouiseRyan95/Segregation-

and-Integration-of-Resting-state-Brain-Networks-

in-a-Longitudinal-Long-COVID-Cohort
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Segregation and integration in brain FC networks
The brain was parcellated into N = 246 regions according to the Human Brainnetome Atlas,49 accompanied by their corresponding

Yeo seven-network parcellations50 (Table S2).51 The Pearson correlation coefficient between the time series of two regions was

calculated to measure FC. The static FC network for each individual was constructed using whole fMRI time series, and the stable

FC network was obtained by concatenating all-time series across all participants in each group. The negative correlations in the FC

matrices were set to zero, following the previous studies.13,52,53

To analyze segregation and integration at the region of interests(ROI), network, and global levels, the nested-spectral partition

(NSP) method13,54 was employed to detect hierarchical modules of brain FC networks.55 We began by performing an eigen-decom-

position of FC matrix C, obtaining its eigenvectors U and eigenvalues L. These eigenvalues were arranged in descending order, and

the NSP method was then applied to detect hierarchical modules as follows:

1. In the first mode, the eigenvector entries of all regions shared the same sign. This mode was considered the first level, con-

sisting of a single module (i.e., the entire brain network).

2. In the second mode, regions with positive eigenvector values were grouped into one module, and those with negative values

formed a second module. This mode represented the second level, containing two modules.

3. At the third mode, each of the two modules from the previous level was further divided based on the sign of the corresponding

eigenvector entries, resulting in the third level. This process continued, producing progressively moremodules at higher levels.

When a level was reached where each module contained only a single region, the subdivision process stopped. Additionally, if

all regions within a module maintained the same sign in the next mode, that module remained indivisible and had no further

effect on subsequent iterations.

During the partitioning process, the number of modulesMi ði = 1;/;NÞ and the size of each modulemj ðj = 1;/;MiÞwere docu-

mented at each level. Unlike classical approaches that focus on segregation and integration at a single level, the NSPmethod defines

these concepts across multiple levels.13 The first level, with a single large module, captures global network integration and corre-

sponds to the largest eigenvalue L. The second level, which splits the network into two modules, captures local integration within

each module and segregation between modules. As more modes are considered, additional modules emerge, each representing

more profound levels of segregation and associated with progressively smaller eigenvalues L. The segregation and integration com-

ponents at each level can be defined as56

Hi =
L2

i Mið1 � piÞ
N

(Equation 1)

With

pi =

P
j

��mj � N
�
Mi

��
N

(Equation 2)

Here,N is the number of regions, and pi is a correction factor for the heterogeneousmodular size and reflects the deviation from the

optimized modular size mj � N=Mi in the i-th level. The global integration component is thus taken from the first level:

HIn =
H1

N
(Equation 3)

and the segregation component is summed from the 2nd - N th levels:

HSe =
XN

i = 2

Hi

N
(Equation 4)

Based on the orthogonal and standard eigenvectors, the network integration and segregation components in each level could be

mapped to each region j:

Hj
In = H1U

2
1j and Hj

Se =

�����
XN

i = 2

H1U
2
ij (Equation 5)

whereUij is the eigenvector value for the j-th region at the i-th level, such that regional features can be compared and linked to fatigue

symptom. All computational analyses were conducted using MATLAB R2021b.

Gene expression analysis and enrichment
The gene expression data for this study were sourced from the Allen Human Brain Atlas,56 an open-access resource offering 3,700

tissue samples from six individuals, complete with the Montreal Neurological Institute coordinates. Notably, the samples from four of

these donors are exclusively from the left hemisphere, while those from the remaining two cover the entire brain. We employed the

abagen toolbox to align the microarray gene expression data with 246 defined regions in the Human Brainnetome Atlas,57 utilizing its

standardized process to generate a regional gene expressionmatrix based on the atlas specifications, adhering to the recommended
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default settings.58 Despite the availability of right hemisphere gene expression data fromonly two donors, we opted to analyzewhole-

brain gene expression to address potential asymmetries between hemispheres. We performed Pearson correlation analyses to link

gene expression with network components impacted by the MFI-20 total scores. Statistically significant genes were then analyzed

using the ToppGene Suite59 for functional enrichment to pinpoint associated human disease phenotype, applying a significance

threshold of 0.05 with Bonferroni correction.

QUANTIFICATION AND STATISTICAL ANALYSIS

Metrics of integration and segregation were computed using the NSP method across different hierarchical levels (ROI, network and

global) of brain functional connectivity networks. We applied Analysis of Covariance (ANCOVA) to compare the NSP metrics

along with MFI-20 (including its various dimension and total score) between the long COVID group at each post-infection time point

(1-month and 3-month) and the healthy control group. These comparisons were conducted separately for each time point, while con-

trolling multiple confounders to enhance the robustness of our findings. In a longitudinal analysis within the long COVID group, paired

t-tests were utilized to detect significant changes in NSP metrics and MFI-20 (including its various dimension and total score) from

1-month to 3-month post-infection. To further explore the association between NSPmetrics and fatigue, partial correlation analyses

were conducted between these metrics and the dimensions of fatigue as measured by the MFI-20. These analyses were performed

for each group separately, controlling for potential confounding variables.

Additionally, Bonferroni correction (BF) was applied to the corresponding p-values (ratio of 0.05 to the number of effective com-

parisons in the current analysis).60 50,000 permutations were performed to achieve the necessary p-value precision for BF.

ADDITIONAL RESOURCES

Ethics approval was granted by Ethics Committee of the First Affiliated Hospital of Xi’an Jiaotong University (XJTU1AF2023LSK-013).

Trial registration number NCT05745805. All the participants gavewritten informed consent for themselves. All ethical regulations rele-

vant to human research participants were followed.
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