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Abstract

Background: White-matter hyperintensities (WMHSs) are a signature feature of cerebral small-vessel disease and are associated with
cognitive decline. This study used network-based statistics (NBS) to investigate global functional network changes and their association
with cognitive function in individuals with WMHs. Methods: The Montreal Cognitive Assessment (MoCA) was administered to 33
individuals with WMHs and 34 healthy controls. Whole-brain resting-state functional-connectivity (RSFC) differences were analyzed
using NBS on resting-state functional Magnetic Resonance Imaging data. Significant connectivity of modular changes within and be-
tween networks was examined, and the relationship between MoCA and RSFC was analyzed. Support vector machine (SVM) models
were used to evaluate the potential of functional networks as a supplement to structural imaging and a sensitive subclinical indicator.
Results: Individuals with WMHs exhibited significantly lower MoCA scores than did healthy controls. Inter-regional RSFC analy-
sis revealed reduced connectivity across some networks, including the Default Mode Network—Sensorimotor Network (DMN-SMN),
DMN-Cingulo-Opercular Network (DMN—-CON), and CON—Cerebellar Network (CON-CER). The SVM models demonstrated robust
classification performance, with areas under the curve (AUC) of 0.864 £ 0.155 for DMN-SMN, 0.838 £ 0.175 for DMN—CON, and
0.821 £ 0.167 for CON—CER. Global RSFC strength and modular RSFC strength were positively correlated with MoCA scores. Con-
clusion: WMHs are associated with widespread RSFC alterations, especially in networks involved in cognition and motor control; these

differences may contribute to cognitive decline in WMHs and serve as potential biomarkers for early diagnosis and intervention.
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1. Introduction

Cerebral small vessel disease (CSVD) is one of the
most common cerebrovascular diseases, and primarily af-
fects arterioles, capillaries, and venules [1]. Studies have
shown that the disease may cause cognitive and motor im-
pairments in the elderly, affecting their daily lives [2—4].
White-matter hyperintensities (WMHs), observed in neu-
roimaging, are considered one of the hallmark features of
CSVD [5,6]. WMHs are characterized by abnormally high
signals in the white matter, observed on T2-weighted or
fluid-attenuated inversion recovery (FLAIR) sequences in
magnetic resonance imaging (MRI). The pathological fea-
tures of WMHs typically include demyelination, small ves-
sel lesions, and white-matter tissue damage [7-9]. WMHs
are commonly observed in middle-aged and elderly pop-
ulations, with prevalence gradually increasing with age
[10]. Studies have demonstrated that the severity of WMHs
is strongly associated with various cerebrovascular risk
factors, including hypertension and diabetes [11]. Fur-
thermore, WMHs are strongly associated with declines in
information-processing speed, executive dysfunction, and

the onset of dementia, with the severity of these declines
serving as a key predictor of cognitive impairment [12].

Numerous studies have shown that structural dam-
age caused by WMHs disrupts the integrity of white-matter
fiber bundles that connect cortical and subcortical regions,
thereby weakening cross-regional functional communica-
tion that relies on these pathways, and manifesting as ab-
normalities in resting-state functional connectivity (RSFC)
[13,14]. Resting-state fMRI (rs-fMRI) measures sponta-
neous low-frequency brain fluctuations [15,16], and the
RSFC index characterizes activity synchronization between
brain regions, thereby serving as a widely used measure to
investigate brain functional networks and disease mecha-
nisms [17-20]. Many WMHs studies have relied on region-
level or seed point analyses, which may overlook coor-
dinated interactions across brain systems. For example,
previous FC studies typically reported isolated or region-
specific connectivity changes, which limited their ability to
reveal coherent network-level changes [21]. In addition,
rs-fMRI studies using local metrics such as low-frequency
fluctuation, regional homogeneity, or brain entropy primar-
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ily capture regional activity abnormalities but provide lim-
ited insight into large-scale functional integration [22-24].
The brain functions as an integrated network, and disrup-
tions in cross-nodal connectivity patterns can have broad
effects beyond those observed in a single region [25]. In-
dependent analysis of each brain region may overlook the
complex interactions between multiple brain regions. Fur-
thermore, recent evidence has suggested that increases in
extracellular fluid are also observed in normal-appearing
white matter in CSVD, and not just in WMHs regions
[26], potentially indicating a more diffuse effect beyond
the immediate areca of the lesion. Therefore, methods that
capture these network-level interactions are crucial for a
comprehensive understanding of WMHs-related functional
changes.

In rs-fMRI data analysis, network-based statistics
(NBS) are a powerful tool for detecting significant connec-
tivity differences within brain functional networks. NBS
significantly improves the ability to detect overall differ-
ences in the network by modeling the brain network as
a graph, consisting of nodes and connections, using non-
parametric statistical methods for analysis [27]. Com-
pared to traditional point-by-point analysis, NBS addresses
the balance issue by identifying clustered connected com-
ponents. It significantly enhances statistical performance
and is particularly well-suited for analyzing low signal-to-
noise-ratio data [27-29]. This method has been success-
fully applied in functional-connectivity studies across var-
ious disease groups, including injury and Alzheimer’s dis-
ease [30-33], offering crucial statistical support for iden-
tifying both global and local differences within brain net-
works. NBS can effectively address the issue of multiple
comparisons and detect functional connectivity at the net-
work level more sensitively. The combination of rs-fMRI
and NBS analysis can identify the overall functional net-
work difference between WMHs groups and healthy con-
trols more accurately, further enhancing the understanding
of neural network changes in WMHs individuals.

The modularity of functional networks has attracted
growing attention in the analysis of brain functional con-
nectivity. Modular connectivity refers to the brain’s com-
position of multiple, relatively independent, yet synergistic
functional modules, which play a crucial role in sustain-
ing normal cognitive function [34]. Studies have demon-
strated that different disease states, such as Alzheimer’s
disease and stroke sequelae, lead to alterations in the con-
nectivity between functional modules, thereby affecting the
brain’s overall network-integration capacity [35-37]. Pre-
vious WMHs studies have focused mostly on the average
functional-connectivity strength of the whole brain or spe-
cific brain regions [5]. Whether alterations in modular
functional networks are linked to cognitive impairment in
WDMHs individuals still requires further study.

This study aimed to characterize functional connec-
tivity alterations in individuals with WMHs compared with

healthy controls and to further examine how these changes
relate to cognitive decline. By combining rs-fMRI data
with NBS, the changes in whole-brain and modular func-
tional connectivity were evaluated. The classification per-
formance of these functional-connectivity values was fur-
ther evaluated using support vector machine (SVM) mod-
els to assess their potential effectiveness as a biomarker.
Additionally, the correlation between these functional con-
nections and cognitive functions was examined. In this
study, we proposed the following hypothesis: Individuals
with WMHs exhibit a broad range of functional network
changes, potentially involving the default mode network,
among others. The strength of these functional networks is
associated with cognitive function and could serve as an ef-
fective classification model to distinguish individuals with
WMHs from healthy controls.

2. Method
2.1 Participants

Right-handed patients with white matter hyperinten-
sitiecs (WMHSs; n = 33) and healthy controls (HC; n =
34) were recruited from the Department of Neurology of
the Second Affiliated Hospital of Anhui Medical Univer-
sity. Participants were 45—75 years old with at least three
years of education. WMHs burden was quantified using the
Fazekas scale [38]. Two experienced radiologists, blind to
group allocation, independently rated the extent and sever-
ity of WMHs on T2-FLAIR images. Periventricular WMHs
(PVWMHs) and deep WMHs (DWMHs) were each rated
on a scale from 0 to 3, yielding a total Fazekas score rang-
ing from 0 to 6. In this study, all participants in the WMHs
group had a total Fazekas score of >2. Exclusion crite-
ria for all participants included: (1) a history or current di-
agnosis of central nervous system diseases (e.g., epilepsy,
Parkinson’s disease, Alzheimer’s disease, or other demen-
tias); (2) severe psychiatric disorders (e.g., schizophrenia,
major depressive disorder, or bipolar disorder); (3) major
structural abnormalities on MRI, including large infarcts or
hemorrhages, tumors, radiation injury, hippocampal scle-
rosis, or multiple sclerosis; (4) contraindications to MRI
(e.g., claustrophobia, metal implants); and (5) significant
artifacts on MRI images. HCs were recruited from the com-
munity, WMHs was not diagnosed on MRI, and were con-
sistent with the WMHs group in age, sex, and educational
experience. All subjects gave their informed consent for in-
clusion before they participated in the study. The study was
conducted in accordance with the Declaration of Helsinki,
and the protocol was approved by the Ethics Committee of
the Second Affiliated Hospital of Anhui Medical University
(approval number: 2021065).

Based on previous power-estimation studies [39,
40], we used a previous power analysis performed
with G*Power 3.1.9.7 software (developed by Heinrich
Heine University Diisseldorf, Diisseldorf, North Rhine-
Westphalia, Germany). The results showed that at o = 0.05
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and power = 0.80, at least 26 participants per group were
required to detect a large effect size (Cohen’s d = 0.8).

2.2 Data Collection

Resting-state MRI data of all subjects were acquired at
the Second Affiliated Hospital of Anhui Medical University
using a 3.0T MRI scanner (MAGNETOM Vida, Siemens
AG, Munich, Germany). TIWI, T2WI, FLAIR diffusion-
weighted, and susceptibility-weighted imaging were used
to diagnose WMHs. TI1-weighted structural images with
voxel size =1 x 1 x 1 mm, and slice thickness = 1.00
mm were used for precise positioning of image process-
ing. Resting-state fMRI data were acquired for calculation
of RSFC with the following parameters: TR = 2400 ms,
TE = 25 ms, matrix size = 64 x 64, field of view = 192
x 192 mm?, number of slices = 48, voxel size =3 x 3 x
3 mm, number of volumes = 250. During the MRI scan,
participants were instructed to remain still, awake, and not
engage in any specific or deliberate thought process. Af-
ter scanning, participants completed the Montreal Cogni-
tive Assessment (MoCA) to assess cognitive function, a
tool that quickly screens for cognitive strength (total score
=30, normal value >26) [41].

2.3 Image Preprocessing

Resting-state fMRI data were preprocessed using the
AFNI (v. 22.2.10, National Institute of Mental Health, NIH,
Bethesda, MD, USA) and FSL (v. 6.0.5.2, FMRIB, Uni-
versity of Oxford, Oxford, Oxfordshire, United Kingdom)
software. To minimize signal instability, the first 10 time
points of each participant’s data were discarded. The pre-
processing pipeline included slice-timing correction, head-
motion correction, brain extraction, spatial smoothing with
a full width at half maximum of 6 mm, intensity normaliza-
tion, and removal of linear trends. To further reduce noise,
a temporal band-pass filter (0.01-0.10 Hz) was applied to
retain low-frequency signals. Nuisance regression was per-
formed using 12 motion parameters (6 head motion pa-
rameters and their first-order derivatives), along with mean
signals from cerebrospinal fluid and white matter. Sub-
sequently, functional images were aligned to each partic-
ipant’s structural image using FMRIB’s Linear Image Reg-
istration Tool, as implemented in FSL. The resulting images
were then nonlinearly warped to the MNI standard space us-
ing the FMRIB Nonlinear Image Registration Tool. Head
motion was assessed during preprocessing, and all partic-
ipants exhibited motion within acceptable limits (displace
<3 mm and rotation <3°).

2.4 Network-Based Statistics Analysis (NBS)

To perform NBS analysis, a whole-brain RSFC
network was first constructed for each subject. The
Dosenbach-160 atlas, based on functional-connectivity op-
timization, divides the brain into 160 regions of interest
(ROIs). This atlas was more robust than traditional anatom-
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ical atlases in constructing functional-connectivity net-
works and achieving a balance between anatomical speci-
ficity and statistical power. It has been widely used in
disease-related studies [42—44]. The mean time series of
each ROI was extracted, and Pearson correlation coeffi-
cients were computed between the time series of all ROI
pairs to quantify functional connectivity. The resulting
160 x 160 correlation matrix was subjected to Fisher r-
to-z transformation to improve normality and cross-subject
comparability [45]. Subsequently, to identify significant
differences in RSFC between WMHs and HC individu-
als, the NBS method was applied. NBS focuses on iden-
tifying significant clusters of connections across the whole
brain network rather than individual connections, provid-
ing a more comprehensive understanding of network-level
abnormalities. Additionally, its component-wise correction
effectively addresses the issue of multiple comparisons, en-
hancing statistical power. Independent sample #-tests were
performed, with statistical significance assessed through
5000 permutations. A component-wise p-value threshold
of 0.05 and an edge-wise p-value threshold of 0.01 were
used to correct for multiple comparisons [31].

In addition, the 160 ROIs were classified into six
functional brain networks based on the Dosenbach-160 at-
las: the default mode network (DMN); the frontoparietal
network (FPN); the cingulo-opercular network (CON); the
sensorimotor network (SMN); the visual network (VN); and
the cerebellar network (CER). Significant functional con-
nections identified from NBS analysis were further parti-
tioned into intra- and inter-module connections. The aver-
age RSFC within and between modules was calculated to
assess modular connectivity strength.

2.5 Predictive-Model Analysis

Previous studies have shown that functional imaging
(especially rs-fMRI) has sensitivity in identifying early le-
sion stages such as mild cognitive impairment or CSVD,
even before structural changes occur [19,46,47]. Based
on this, a machine-learning model was constructed to test
the discriminative value of RSFC metrics between WMHs
and HC. Features included the global mean RSFC and the
mean RSFC strength of three subnetworks identified by
NBS with connectivity changes >10%. Training a lin-
ear support vector machine (LIBSVM, version 3.32, De-
partment of Computer Science, National Taiwan Univer-
sity, Taipei, Taiwan, ROC) with stratified 10-fold cross-
validation (10-fold CV) effectively reduces the risk of over-
fitting while ensuring that the WMHSs/HC ratio is preserved
within each fold [48]. In each fold, 90% of the data were
used for model training and the remaining 10% were used
for testing; this procedure was repeated 10 times using dif-
ferent random partitions to obtain stable performance esti-
mates. Classification metrics—including Area Under the
Receiver Operating Characteristic Curve (AUC), accuracy,
sensitivity, specificity, balanced accuracy, and Matthews


https://www.imrpress.com

correlation coefficient—were reported as mean + standard
deviation across the 100 test folds. To assess whether the
observed classification performance exceeded chance lev-
els, a 5000-permutation test was conducted based on the
cross-validated predictions. During each permutation, the
model’s predicted scores were kept fixed while the true
labels were randomly shuffled, generating a null distribu-
tion of classification metrics. The permutation p-value was
defined as the proportion of permuted metrics that were
greater than or equal to the observed value. This method
can validate the potential of RSFC as a sensitive functional
biomarker for subclinical WMHs, complementing FLAIR
imaging and highlighting vulnerable brain networks.

2.6 Statistical Analysis

Statistical analyses were performed using IBM SPSS
Statistics for Windows, V. 26.0 (IBM Corp., Armonk, NY,
USA). The Shapiro-Wilk test was used to assess the nor-
mality of continuous variables. For continuous variables
that met normality (such as age, years of education, MoCA
scores, and RSFC intensity), two-sample t-tests were used,
and for categorical variables (sex), chi-square tests were
used. Specifically, to evaluate cognitive differences be-
tween WMHs and HC individuals, two-sample t-tests were
conducted to compare MoCA total scores between the two
groups. To explore the relationship between cognitive per-
formance (MoCA scores) and mean RSFC strength (the
whole network and connected modules with more than 10%
of edges), partial correlations between MoCA scores and
mean RSFC strength were calculated, with age and sex in-
cluded as covariates to control for potential confounds. The
Benjamini—-Hochberg procedure was used to control the
false discovery rate (FDR) across multiple correlation tests,
and adjusted p-values (p-FDR) were reported. ROC curves
were generated using GraphPad Prism software to evaluate
the discriminative power of RSFC metrics. For identifying
significant differences in RSFC between groups, the NBS
toolbox in MATLAB was used with a significance thresh-
old of p < 0.05 (component-based correction, 5000 permu-
tations). Brain-connectivity maps were visualized using the
BrainNet Viewer toolbox, and modular-connectivity distri-
butions were presented using Circos plots.

3. Results
3.1 Participant Characteristics

The demographic and cognitive characteristics of the
two groups (WMHSs, n = 33; HC, n = 34) are summarized
in Table 1. The Shapiro-Wilk test confirmed normality for
all continuous measures, including age, education duration,
and MoCA scores (p < 0.05). And no significant group
differences were observed in the maximum displacement,
maximum rotation, and mean frame displacement between
groups (p > 0.05). The mean age of the WMHs group was
59.091 + 5.806 years, compared to 57.206 + 7.044 years
in the HC group, with no significant difference between

groups (t=1.193, p = 0.237, 95% CI: —1.270, 5.040). The
proportion of males was 39.4% in the WMHs group and
52.9% in the HC group, with no significant difference de-
tected (x2 = 1.236, p = 0.266). For education years, the
WDMHs group had a mean of 7.909 4 3.643 years, compared
t0 9.559 4 4.301 years in the HC group, with no significant
difference (¢ =—1.692, p = 0.095, 95% CI: -3.597, 0.298).
To further validate the cognitive impairments ob-
served in patients with WMHs, an independent samples ¢-
test was conducted to compare MoCA total scores between
WMHs and HC. The results were that the WMHs group had
a significantly lower mean MoCA score than did the HC
group (WMHs: 21.606 + 3.372, HC: 23.676 + 3.975,t=—
2.296, p=0.025, 95% CI: -3.872,-0.269), with a Cohen’s d
0f 0.56, confirming substantial cognitive decline in WMHs.
These findings indicated that although the WMHs and HC
groups were matched in demographic variables, the WMHs
group exhibited significantly impaired cognitive function.

3.2 Resting-State Functional-Connectivity Differences

NBS revealed marked RSFC differences between the
WMHs and HC groups, with 232 connections reaching
significance (Fig. 1A). These edges were primarily dis-
tributed across the DMN, CON, SMN, and CER. Cross-
modular connections accounted for the majority of signifi-
cant edges, with the higher proportions observed between
DMN-SMN (26.29%), DMN-CON (15.09%) and CER-
CON (12.50%). To understand the differences in network
pairs selected at different thresholds, we plotted a line graph
in the supplementary material (Supplementary Fig. 1) and
reported the network pairs included at the 5%—10% thresh-
old (Supplementary Table 1). Circos plots demonstrated
the distribution of these significant connections across six
functional networks (Fig. 1B) and highlighted the centrality
of cross-module disruptions between DMN-CON in WMHs
individuals (Fig. 1C).

To quantify the differences between groups further,
independent sample t-tests were performed on the overall
RSFC strength and selected module-specific RSFC pairs
in SPSS. The WMHs group had significantly lower over-
all RSFC strength (¢ = -9.936, p < 0.001, Cohen’s d =
2.43) and inter-module RSFC connectivity strength (DMN-
SMN: ¢ = -6.229, p < 0.001, Cohen’s d = 1.52, DMN-
CON: t=-5.779, p < 0.001, Cohen’s d = 1.41, CON-CER:
t =-5.406, p < 0.001, Cohen’s d = 1.32) than did the HC
group. Between-group differences in both global and sub-
network strength exhibited large effect sizes (Cohen’s d >
0.8) [49], which indicated that WMHs were associated with
widespread alterations in RSFC, particularly in networks
related to cognitive and motor function.

3.3 Predictive Power of NBS Connectivity Modules

To evaluate the discriminant values of RSFC changes,
an ROC curve was drawn using an SVM classifier. Us-
ing stratified 10-fold cross-validation repeated 10 times,
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Table 1. Participant characteristics demographic characteristics and clinical indicators of the WMHs and HC.

Variable WMHs (n =33) HC (n=34) tx? p-value 95% CI
Age (years) 59.091 £ 5.806  57.206 + 7.044 1.193@ 0.237 —1.270, 5.040
Sex, 7 (% male) 13 (39.4%) 18 (52.9%) 1236 0.266 N/A
Education (years) 7.909 + 3.643 9.559 + 4.301 -1.692¢ 0.095 -3.597, 0.298
MoCA score 21.606 +3.372  23.676 +£3.975 -2.296% 0.025 -3.872,-0.269

Values are presented as mean =+ standard deviation for continuous variables and n (%) for categorical
variables.

@ t-tests were used for continuous variables;

b chi-square tests were used for categorical variables.

WMHs, Individuals with high white matter signals; HC, healthy controls.

MoCA, Montreal Cognitive Assessment.
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Fig. 1. Visualization of significant differences in resting-state functional connectivity (RSFC) between individuals with high
white-matter signals (WMHs) and healthy controls (HC). (A) Brain regions and connections with significant RSFC differences were
identified using the network-based statistics (NBS) method. Edges represent significant connections, and node colors correspond to
different functional networks (DMN, FPN, CON, SMN, VN, and CER). (B) Circos plot showing the distribution of significant RSFC
differences and connections between modules. Colors indicate network affiliations and lines represent significant connections. (C) The
main colormap shows the brain network modules to which the significantly different edges belong. The color bar on the right shows the
proportion of connections within or between modules. All differences were corrected using NBS (component p < 0.05, edge p < 0.01).
DMN, default mode network; FPN, frontoparietal network; CON, cingulo-opercular network; SMN, sensorimotor network; VN, visual

network; CER, cerebellar network.
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Table 2. Classification performance of single-feature SVM models.

Feature AUC ACC SEN SPE BA MCC
RSFC 0.966 + 0.067 0.865 +0.119  0.846 +0.187  0.883 +£0.154  0.865 + 0.120 0.747 4+ 0.233
DMN-SMN  0.864 +0.155 0.808 +0.148 0.818 +0.221 0.802 4+ 0.220  0.810 + 0.146 0.645 4+ 0.283
DMN-CON  0.838 +£0.175 0.740 +£0.173  0.743 +£0.241 0.739+£0.239 0.741 £ 0.174 0.506 + 0.353
CON-CER  0.821 +£0.167 0.805 £0.144 0.849 +£0.169 0.763 +£0.232  0.806 & 0.144 0.633 4+ 0.286
Abbreviation: AUC, Area Under the Receiver Operating Characteristic Curve; ACC, Accuracy; SEN, Sensitivity (true

positive rate); SPE, Specificity (true negative rate); BA, Balanced Accuracy; MCC, Matthews Correlation Coefficient.

All performance metrics are reported as mean =+ standard deviation (SD) across stratified 10-fold cross-validation repeated

10 times.

All metrics showed significant classification performance, with permutation p-values < 0.001 based on 5000 label permu-

tations.

all single-feature SVM classifiers demonstrated meaning-
ful discriminative performance. Among them, the global
RSFC feature achieved the highest accuracy, with an AUC
of 0.966 + 0.067 (Fig. 2A), followed by DMN-SMN
(Fig. 2B, AUC = 0.864 + 0.155), DMN-CON (Fig. 2C,
AUC = 0.838 £ 0.175), and CON-CER (Fig. 2D, AUC
= 0.821 £ 0.167). A detailed summary of classification
performance, including accuracy (ACC), sensitivity (SEN),
specificity (SPE), balanced accuracy (BA), and Matthews
correlation coefficient (MCC) (all reported as mean = stan-
dard deviation), is provided in Table 2. To further deter-
mine whether the observed performances exceeded chance
levels, we performed a 5000-permutation test based on the
cross-validated predictions. All four features yielded per-
mutation p-values < 0.001 for AUC, indicating that the
classification performance was highly unlikely to arise from
random label distribution. These module-specific predic-
tors exhibited modest but significant classification capabil-
ities, indicating their vulnerability in WMHs. These find-
ings suggested that RSFC metrics provide a tool for func-
tionally distinguishing WMHs from HC, which highlights
the importance of global and module-specific connectivity
disruptions in WMHs.

3.4 Correlation Between Functional Connectivity and
Cognitive Performance

WMHs individuals experience a significant decline in
cognitive function (Fig. 3A). To investigate the relation-
ship between RSFC and cognitive performance, we con-
ducted partial correlation analysis, controlling for sex and
age as covariates. Results showed that, overall, mean RSFC
strength across individuals was significantly positively cor-
related with MoCA scores (Fig. 3B, r = 0.311, p = 0.012,
p-FDR =0.016, Cohen’s d = 0.65), representing a medium
effect size according to Cohen’s conventional benchmarks
(r= 0.1 small; 0.3 medium; 0.5 large) [40]. MoCA scores
were significantly positively correlated with FC between
CON and CER (Fig. 3C, r = 0.382, p = 0.002, p-FDR =
0.008, Cohen’s d = 0.83). Similarly, DMN-CON connec-
tivity was significantly positively correlated with MoCA
scores (Fig. 3D, »=0.317, p = 0.010, p-FDR = 0.016, Co-

hen’s d = 0.67); both showed medium effect sizes. Despite
the high prevalence of DMN-SMN disruption in individuals
with WMHs, its positive correlation with MoCA scores was
not statistically significant (Fig. 3E, » = 0.149, p = 0.237,
p-FDR = 0.237, Cohen’s d = 0.30). This finding supports
the idea that cognitive decline in WMHs is associated with
both global and specific inter-modular functional disrup-
tions, highlighting the importance of whole-brain network
integrity in cognitive health.

4. Discussion

The present study used the NBS method to system-
atically analyze the differences in RSFC between indi-
viduals with WMHs and healthy controls, and explored
the potential associations of these differences with cog-
nitive decline. NBS results showed that WMHs patients
had significant connectivity disruption in the whole-brain
functional network, especially in cross-module connectiv-
ity. Furthermore, SVM models demonstrated that these
functional-connectivity changes exhibited high classifica-
tion performance in distinguishing individuals with WMHs
from healthy controls. The significant correlations between
these connectivity strengths and cognitive function (MoCA
scores) suggested the potential for RSFC to serve as a
biomarker for WMHs-related cognitive decline.

WMHs essentially reflect the degeneration of white
matter microstructures, which can affect cognition [50].
Previous longitudinal diffusion tensor imaging studies have
shown that low fractional anisotropy and high mean diffu-
sivity are significantly associated with a decline in cognitive
domains [51]. This disruption of microstructures may man-
ifest as abnormalities in the RSFC at the functional level
[47]. Inthat context, NBS provides a powerful methodolog-
ical tool for detecting functional network alterations related
to WMHs. Compared with the traditional method, NBS sig-
nificantly improved statistical power by using the topologi-
cal relationship between connections. By controlling for the
issue of multiple comparisons, it effectively identified over-
all network changes in low signal-to-noise ratio data and
better captured abnormal sub-networks with connectivity.
The statistical results aligned more closely with the orga-
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Fig. 2. Pooled receiver operating characteristic curve (ROC) curves of single-feature linear SVM classifiers. Pooled ROC curves

were generated by aggregating predicted probabilities from all test folds across stratified 10-fold cross-validation repeated 10 times. The
pooled area under the curve (AUC) values were 0.949 for global RSFC (A), 0.845 for DMN-SMN (B), 0.837 for DMN—CON (C), and
0.839 for CON-CER (D). The diagonal dashed line represents the no-discrimination reference (AUC = 0.5). Note: The AUC values
shown here are pooled AUCs calculated from all aggregated test-fold predictions, whereas the performance reported in the main text

(mean £ SD) reflects the variability across individual cross-validation folds.

nizational structure of the complex brain network [27,31].
In recent years, NBS has been successfully applied to the
study of autism, aphasia, hepatic encephalopathy, and other
diseases, providing a crucial tool for uncovering abnormal
brain networks under pathological conditions [52,53].

The intergroup-analysis results of this study were con-
sistent with previous results on abnormal functional con-
nectivity of WMHs individuals, and also revealed some
new findings [54]. From the perspective of modular func-
tional networks, the present study found that the DMN,
CON, CER, and SMN were the regions most significantly
affected by WMHs, with a significant decrease in RSFC
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intensity (Fig. 1). The DMN is primarily involved in the
brain’s resting state, including internal thoughts, cognitive
memory, and emotional processing [55,56]. The current
study showed that WMHs load was negatively correlated
with RSFC of the DMN module, which is consistent with
our findings [57]. The CON is one of the central networks
involved in attention and executive function [58—60], in the
resting state of individual WMHs, the overall efficiency
was reduced at the level of certain nodes within the CON
module [61]. The CER is not only involved in motor coor-
dination, but is also closely related to higher cognitive func-
tions [62]; the functional network strength has been found
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Fig. 3. Correlation analysis of cognitive performance and RSFC

in WMHs and HC. (A) Group comparison of Montreal Cognitive

Assessment (MoCA) scores between WMHs and HC, assessed using independent-sample z-tests, revealed significant differences (p =

0.025, t =-2.296). *, indicates p < 0.05. (B-E) Partial correlation analysis illustrating the relationship between MoCA scores and mean

global resting-state functional connectivity (RSFC) strength, as well as mean RSFC strengths between modules identified as significantly

different. Scatter plots include regression lines, highlighting positive associations between cognitive performance and specific RSFC

metrics.

to be reduced in individuals with WMHs [63]. The SMN
plays an important role in perception and motor execution
[64]; disruption of sensorimotor and ventral attention net-
works due to WMHs may underlie global cognitive deficits
in older adults with CSVD [65]. Furthermore, mounting ev-
idence has suggested that changes in the FC in CSVD are
not entirely independent of structural degeneration; patients
often experience concurrent gray-matter atrophy in areas of
impaired connectivity [66].

The functional connectivity between the CON and
CER networks was significantly reduced in individuals with
WMHs. This was consistent with previous reports [63].
CON-CER coupling plays a key role in higher-order cog-
nitive regulation, especially in adaptive control and task re-
structuring [67]. This pathway plays an important role in
cognitive monitoring, error detection, and adaptive regula-
tion, and its disruption can affect the efficiency of behav-
ioral adjustment, manifested as weakened executive con-
trol, decreased efficiency of response inhibition, and re-
duced task adaptation. These characteristics have been con-
firmed in WMHSs patients with executive dysfunction and

cognitive slowing [68,69]. CON-CER disconnection may
be responsible for inefficient error monitoring and reduced
readiness to adjust cognitive strategies, with important neg-
ative consequences for cognitive abilities in WMHs.

Inter-module connectivity between the DMN and the
CON showed significant decreases in individuals with
WMHs and was associated with cognitive impairment. The
effects of connectivity impairment between the DMN and
CON on cognitive function have been widely reported
in various psychiatric disorders [70,71]. The integrity
of DMN-CON function is crucial for executive control,
attentional regulation, and task-set updating; its discon-
nection may impair task switching ability and executive
speed, manifesting as difficulty in attentional allocation and
decreased cognitive flexibility. For example, decreased
DMN-CON connectivity in patients with late-onset depres-
sion significantly affects cognitive function, particularly
in executive speed and working memory [72]. A similar
mechanism is possible in WMHs and is an important cause
of the symptoms of cognitive impairment.
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In this study, the correlation between DMN-SMN con-
nectivity and MoCA scores did not reach statistical signif-
icance. Several factors may account for this finding. First,
NBS is designed to detect aberrant functional connectivity
clusters that exhibit spatial coherence [27-29], and its com-
putation does not incorporate cognitive or other behavioral
measures. Therefore, the connection changes identified by
NBS are not necessarily significantly correlated with cog-
nitive performance. Second, from a functional standpoint,
the DMN-SMN axis plays a key role in integrating intrin-
sic cognitive processes with sensorimotor information. pre-
vious studies have shown that DMN-SMN dynamic con-
nectivity was significantly lower in patients with more se-
vere WMHs burden and cognitive impairment than in those
with milder symptoms [73,74]. Disruption along this path-
way may therefore exert a greater influence on sensori-
motor integration and related functions that are not ade-
quately captured by the MoCA. Finally, previous studies
indicate that reductions in DMN-SMN dynamic connectiv-
ity become markedly more pronounced in individuals with
heavier WMHs burden and more advanced cognitive im-
pairment [75]. This suggests that the cognitive relevance
of this pathway may emerge more clearly in later or more
severe stages of network dysfunction. Taken together, al-
though DMN-SMN involvement in WMHs-related network
alterations is biologically plausible, the factors noted above
may collectively explain the relatively weak behavioral cor-
relations observed in our current sample.

Accumulating evidence has suggested that RSFC ab-
normalities precede overt structural lesions, and are highly
sensitive in the early stages of cerebrovascular and neu-
rodegenerative diseases [76]. Systematic reviews of small
vessel disease have pointed out the higher sensitivity of rs-
fMRI indices than traditional structural markers [22,47,77].
This has also been found in studies of Alzheimer’s disease
[76,78]. From previous studies, RSFC has been widely re-
garded as a potential biomarker for neuropsychiatric dis-
eases [79—81]. The results of this study accord with pre-
vious work and extend the application of RSFC to the
context of WMHs. Specifically, this study used the NBS
method and ROC curve analysis to preserve the intrinsic re-
lationships between functional connections while conduct-
ing cluster correction [27,31]; RSFC signatures achieved
meaningful AUC at both the whole-brain and module lev-
els, confirming their diagnostic utility. It is important to
note that this functional-based marker complements tradi-
tional FLAIR sequences as it has the potential to detect
WDMHs-related pathology before overt structural changes
are apparent, and enables pinpointing of the most vulner-
able networks at an early stage.

Although the present study advanced our understand-
ing of the relationship between abnormal functional con-
nectivity patterns and cognitive function in individuals with
WMHs, there were several limitations. First, the relatively
small sample size may have limited the generalizability
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of the findings. Future research should expand the sam-
ple size, include participants with varying levels of WMHs
severity, incorporate a broader battery of cognitive assess-
ments, and stratify analyses by impairment severity, so as
to validate and extend the present findings and further elu-
cidate the specific cognitive impacts of WMHs. Addition-
ally, future research should incorporate additional parcel-
lation atlases, such as the Power and Schaefer atlases, to
verify and extend the WMHs-related network alterations
identified in the present study. Then, the cross-sectional
design of this study only captured the relationship between
abnormal functional connectivity and cognitive function at
a single point in time. Longitudinal studies are required to
investigate the long-term impact of changes in functional
connectivity on cognitive function. Finally, future studies
should explore global topological properties of WMHs in-
dividuals (e.g., small-world characteristics) to better delin-
eate WMHs-related network alterations. In summary, de-
spite the limitations of this study, its results offered valuable
insights into the relationship between individual functional
connectivity in WMHs and cognitive decline. Overcoming
these limitations in future studies will enable a deeper un-
derstanding of WMHs pathology.

5. Conclusion

This study systematically examined alterations in
RSFC in individuals with WMHs and its relationship with
cognitive function. The results demonstrated significant al-
terations in whole-brain functional connectivity in individ-
uals with WMHs. ROC-curve analysis further verified and
demonstrated that functional connectivity can be a useful
supplement to traditional structural imaging diagnosis, and
evaluated its potential as a sensitive subclinical indicator
that helps to locate vulnerable networks. Moreover, ab-
normalities in these functional connections were strongly
correlated with cognitive impairment in individuals with
WDMHs, providing neural evidence for CSVD-related cog-
nitive deficits. This study supplemented the existing infor-
mation on the changes in functional connectivity in individ-
uals with WMHs, and demonstrated the utility of whole-
brain and modular RSFC in classifying WMHs. This re-
search provided evidence for the value of continued devel-
opment of non-invasive diagnostic tools and personalized
intervention strategies, and supports the continued devel-
opment of accurate diagnosis and personalized treatment
strategies for individuals with WMHs, thereby improving
the quality of life.
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