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Introduction
Obesity has become a major public health concern 
worldwide. The prevalence of childhood obesity has risen 
significantly over the past few decades [1, 2]. In addition 
to increased risk of many other health conditions, child-
hood obesity may also impact the normal development of 
brain structure and function, potentially impairing cogni-
tive function and emotional regulation [3–5].

Functional magnetic resonance imaging (fMRI) is a 
useful tool for studying the effects of obesity on brain 
function, which can capture brain activity during dif-
ferent tasks or stimuli, and can provide detailed infor-
mation on brain functional connectivity [6, 7]. Recent 
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Abstract
Background  Childhood obesity is linked to altered brain functional connectivity (FC) in brain gray matter (GM), with 
potential implications on changes in cognition function. This study investigates white matter – white matter (WM-
WM) and WM-GM FC differences between children with normal-weight (NW) and overweight/obese (OW/OB) using 
functional Magnetic Resonance Imaging (fMRI).

Methods  Resting-state fMRI data from 68 children aged 10–12 years (32 OW/OB, 36 NW) were analyzed. FC matrices 
were constructed using predefined WM and GM region of Interest (ROI). Group differences and correlations with body 
mass index (BMI) were analyzed using t-test and Pearson correlation.

Results  The OW/OB group exhibited increased WM-WM FC between the middle cerebellar peduncle (m.CBLP) and 
right uncinate fasciculus (r.UF), which was also positively correlated with BMI (R = 0.47, p = 0.0001). Meanwhile, reduced 
WM-GM FC was observed between the body of the corpus callosum (b.CC) and right dorsolateral prefrontal cortex 
(r.DLPFC), which was also negatively correlated with BMI (R = -0.44, p = 0.0002).

Conclusions  Our findings suggest that childhood obesity is associated with changes in WM-WM and WM-GM FC, 
potentially impacting motor coordination (via m.CBLP-r.UF) and executive function (via b.CC-r.DLPFC), contributing to 
cognitive regulation differences.
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neuroimaging studies have shown that obesity is associ-
ated with alterations in brain function, particularly in 
the fronto-mesolimbic system, which governs reward 
processing and self-regulation [7–10]. These findings 
indicate the potential of fMRI in uncovering the com-
plex neural mechanisms associated with obesity and offer 
important insights for developing targeted interventions.

Current fMRI research on obesity primarily focuses on 
the brains cortical and subcortical gray matter regions, 
revealing associations between obesity and functional 
abnormalities in these areas [6–8, 11]. For example, our 
previous study used fMRI scans to compare brain acti-
vation in normal-weight and obese children (ages 8–10) 
while viewing high-calorie food images, finding that 
normal-weight children showed stronger activation in 
memory-related regions (posterior parahippocampal 
gyrus) and cognitive control regions (dorsomedial pre-
frontal cortex) [12]. Most research on potential effects 
of obesity on brain white matter utilized diffusion mag-
netic resonance imaging (dMRI) [13, 14]. For example, a 
meta-analysis by Daoust et al. provides strong evidence 
that obesity is associated with reduced white matter 
integrity, particularly in the genu of the corpus callosum, 
which connects frontal regions involved in executive 
function [14]. In recent years, there has been a notable 
increase in fMRI studies in white matter, an area that was 
historically less explored in functional neuroimaging [15, 
16]. Gore and Ding et al. have demonstrated that white 
matter tracts are actively involved in functional con-
nectivity, challenging the traditional view of white mat-
ter as merely passive conduits for signal transmission 
[16–21]. These studies have shown that white matter can 
exhibit synchronous activity during both resting states 
and task performance, which has important implications 
for understanding brain function in health and disease. 
Moreover, research led by D’Arcy and colleagues has 
revealed white matter functional signals should not be 
dismissed as noise as they are related to brain functional 
activation [22–25]. Research has shown that task perfor-
mance or pathological conditions can influence or alter 
white matter functional signals [26–28]. These studies 
suggest that the white matter signal of fMRI data plays a 
more dynamic role in cognitive processes than previously 
understood.

Recent work has established that BOLD signals in 
white matter (WM) are physiological, stimulus‑locked, 
and reproducible, with hemodynamic characteristics that 
differ from those of gray matter (GM), including smaller 
amplitude, a delayed peak, and a prolonged initial dip [29, 
30]. These WM signals exhibit clear neurovascular cou-
pling and reflect synchronous activity across distributed 
axonal pathways. Moreover, WM functional connectiv-
ity (FC) is strongly constrained by the underlying struc-
tural connectivity (SC) of fiber tracts, as demonstrated by 

diffusion tractography and intracranial electrophysiology, 
yet the correspondence is not strictly one‑to‑one [31]. 
Differences in tract architecture, brain state, and individ-
ual variability can influence the strength and topology of 
WM FC. This converging evidence supports the biologi-
cal relevance of WM FC derived from fMRI and provides 
an important context for interpreting the present study’s 
WM–WM and WM–GM connectivity findings.

Converging evidence suggests that stronger WM–WM 
or WM–GM FC generally reflects greater inter‑areal 
synchrony and communication efficiency along the sup-
porting pathways, whereas reduced FC can indicate 
impaired conduction or desynchronization, often aris-
ing from microstructural compromise or neuro‑glio‑vas-
cular changes [32]. At the same time, WM–GM FC can 
increase in a compensatory fashion when alternative 
loops (e.g., cerebello–thalamo–cortical or fronto‑limbic 
circuits) are up‑weighted to maintain cognitive or motor 
control. These patterns have been linked to downstream 
effects on executive function, interhemispheric commu-
nication, and sensorimotor integration, thereby offering 
an interpretive framework for the relevance of WM–WM 
and WM–GM connectivity changes to cognition and 
behavior.

Given the reported association between childhood 
obesity and specific changes in white matter microstruc-
tures, we hypothesize that significant alterations in white 
matter fMRI signals may also occur in children with 
overweight/obesity. Specifically, we aim to (1) identify 
brain regions with significant differences in WM-WM 
FC between children with overweight/obesity and chil-
dren with normal weight and investigate the relationship 
between BMI and WM-WM FC; and (2) compare the 
WM-GM FC between groups and its relationship with 
BMI. The significance of this study lies in expanding the 
scope of research on the impact of childhood obesity 
on brain development, moving from traditional GM FC 
studies to the domain of WM FC based on fMRI data. 
This provides new insights into how childhood body 
weight status may impact brain function.

Materials and methods
Participants
All study procedures were approved by the Institutional 
Review Board of the University of Arkansas for Medi-
cal Sciences, and assents/consents were obtained from 
the participants/guardians. School age children were 
recruited for this study at the Arkansas Children’s Nutri-
tion Center. Participants with BMI above the 85th per-
centile were categorized as OW/OB, while children with 
BMI between the 5th and 85th percentile were catego-
rized as NW. Exclusion criteria included: full-scale intel-
ligence quotient < 80 on the Wechsler Abbreviated Scale 
of Intelligence (Second Edition); taking medications or 
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having chronic illnesses or disorders that may indepen-
dently affect brain development; implant or other foreign 
object in the body which may be an MRI safety concern; 
and dental work which may cause artifacts in MRI. Those 
who were not able to complete the MRI scan and/or did 
not have valid structural and functional images were also 
excluded. A total of 68 participants were included in this 
study, including 32 children in the OW/OB group and 36 
children in the NW group. The demographic information 
of the research subjects is summarized in Table 1.

MRI data acquisition
All children underwent an MRI examination of the brain 
on a Siemens Prisma 3T scanner at the Arkansas Chil-
dren’s Hospital, Department of Radiology. A 20-channel 
head coil was used. The MRI protocol included a high 
resolution MPRAGE 3D T1-weighted brain structural 
scan using with the following parameters: TR 2400 ms, 
TE 2.24 ms, 1 average, voxel size 0.8*0.8*0.8 mm3, 8º flip 
angle, turbo factor 256, 208 sagittal slices; and a resting-
state fMRI scan for functional imaging with TR 800ms, 
TE 37ms, voxel size 2*2*2 mm3, matrix size 104*104, 72 
axial slices, multi-band factor 8, and 420 dynamics in 
both AP and PA direction (when possible), correspond-
ing to approximately 5.6  min per direction. For the 
present analyses, we used the AP run because of high 
incidence of missing PA data and discarded the first five 
volumes to allow for magnetic field stabilization, leav-
ing 415 volumes (≈ 5.5  min) for preprocessing and sub-
sequent connectivity analyses. The participants were 
instructed to close their eyes but do not fall asleep during 
the fMRI scan.

MRI data preprocessing
The brain structural and functional images were pre-
processed by the fMRIPrep toolbox [33], which includes 
tools from FSL [34], AFNI [35], and ANTs [36]. The pipe-
line in our study includes (1) head motion correction; (2) 
slice timing correction; (3) correction for susceptibility 
distortions induced by magnetic field inhomogeneity and 
multi-band EPI; (4) co-registration of the functional data 
to the structural image, then normalize the structural 
image, as well as the functional data, to the MNI stan-
dard space. The fMRI data were partitioned into white 
matter and gray matter volumes using the T1‑weighted 
segmentation. To minimize partial‑volume contamina-
tion from adjacent tissues, the WM mask was restricted 
to voxels with a T1‑derived WM probability greater than 

0.8. Spatial smoothing was then performed only within 
this WM mask using a 4 mm full‑width‑at‑half‑maxi-
mum (FWHM) Gaussian kernel. Global signal regression 
was not applied, in order to preserve the relative BOLD 
fluctuations across WM and GM compartments. Head 
motion for all participants was carefully inspected, and 
only datasets with maximal frame‑wise translation < 3.0 
mm and maximal rotation < 3° across all volumes were 
retained. The six rigid‑body motion parameters and their 
temporal derivatives were regressed out immediately 
prior to temporal band‑pass filtering to further reduce 
motion‑related artifacts. After that further de-spiking 
and filtering of the data were performed, with a passband 
between 0.01 and 0.10 Hz.

Functional connectivity analysis
We analyzed the fMRI data from the OW/OB and NW 
groups and extracted regions of interest (ROIs) for con-
structing WM-WM FC and WM-GM FC, respectively. 
Specifically, based on the preprocessed MRI data, we 
defined 48 WM ROI regions using the JHU white mat-
ter atlas [37] and identified 84 GM ROI regions using 
the Brodmann atlas. Abbreviations for WM bundles are 
listed in Supplementary Table S1. We utilized Brodmann 
atlas regions 1 to 47, excluding regions 12, 14, 15, 16, 
and 26. In total, there are 42 pairs, resulting in 84 brain 
regions. We then extracted the average time series sig-
nals for each ROI and calculated the Pearson correlation 
coefficients between each pair of ROIs. The WM-WM 
FC matrix (48*48) was constructed based on the average 
time series from 48 WM regions. Similarly, the WM-GM 
FC matrix (48*84) was constructed from each pair of 
WM ROIs and GM ROIs [17].

We conducted independent t-tests to compare the 
WM–WM FC matrices between the two groups to iden-
tify brain regions with FC differences. The potential 
confounding effects of sex and age were regressed out. 
Additionally, we further analyzed the Pearson correlation 
between WM–WM FC and BMI for the 68 subjects (also 
with the effects of sex and age regressed out) to examine 
whether there is a linear relationship between WM–WM 
FC and BMI. A similar scheme was applied to compare 
the WM-GM FC matrices of the two groups and to ana-
lyze the correlation between WM-GM FC and BMI.

Multiple comparisons correction: To correct for 
multiple comparisons, we adopted a heuristic false-
positive control strategy that has been widely used in 
previous fMRI functional-connectivity studies [34–38]. 

Table 1  Demographic information of subjects included in this study
Group Age(mean) Age (std) Age (range) Sex Hispanic Non-Hispanic
OW/OB 11.1 0.6 9.5–12.1 16 M/16F 7 25

NW 10.7 0.7 9.5–11.7 15 M/21F 3 33
NW Normal-weight, OW/OB Overweight/obese
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Specifically, the significance threshold was set at p < 
(1/N), where N is the number of nodes (ROIs) included 
in the network analysis, rather than the total number 
of edge-wise comparisons. This yielded the following 
thresholds in our data: p < 0.0208 for WM–WM (N = 48 
WM nodes), p < 0.0119 for GM–GM (N = 84 GM nodes), 
and p < 0.0076 for WM–GM (N = 48 + 84 = 132 nodes). 
This method has been explicitly adopted in the previous 
literature to balance false-positive control and statistical 
sensitivity in large network analyses [38–42].

Power analysis: We also performed a sensitivity-based 
power analysis using G*Power to evaluate whether the 
current sample size (n = 68; 32 OW/OB and 36 NW) 
provided adequate power to detect the observed effects. 
Using the above thresholds (p < 0.0208 for WM–WM, 
p < 0.0119 for GM–GM, and p < 0.0076 for WM–GM), 
our analysis indicated that this sample size yields 80% 
power (two-tailed) to detect correlations of |r| ≥ 0.33–
0.36 and group differences with Cohen’s d ≥ 0.73–0.80. 
The observed effects in this study (e.g., the m.CBLP–r.
UF correlation with BMI, r = 0.47, p = 0.0001; the b.CC–r.
DLPFC correlation, r = − 0.44, p = 0.0002) exceeded these 
thresholds and thus were sufficiently powered (> 90%).

Results
WM-WM FC between the OW/OB and NW groups
Figure 1 shows the mean WM-WM FC for OW/OB and 
NW groups, with each cell representing a mean group 
correlation coefficient between WM ROIs. To explore 
the differences in WM-WM FC between the two groups, 
we performed independent t-test on each WM-WM FC 
value. To account for multiple comparisons, the signifi-
cance threshold was set at p < (1/N), and N denotes the 
total number of comparisons. A significant difference 
was observed in the fFC between the middle cerebellar 
peduncle (m.CBLP) and the right uncinate fasciculus 
(r.UF), with p = 0.0003. A corresponding boxplot illus-
trating this difference is shown in Fig.  2. A Pearson 

correlation analysis revealed a significant positive asso-
ciation between m.CBLP-r.UF FC and BMI (R = 0.47, 
p = 0.0001), and A scatter plot depicting this correlation is 
presented in Fig. 3.

WM-GM FC between the OW/OB and NW groups
The mean WM-GM FC for the OW/OB and NW groups 
is presented in Fig.  4, where each cell represents the 
mean group correlation coefficient between a WM ROI 
and a GM ROI. To examine the differences in WM-GM 
FC between the two groups, we conducted independent 
t-tests for each WM-GM FC value. A significant differ-
ence was observed in the FC between the body of the 
corpus callosum (b.CC) and the right Brodmann area 46 
(also known as the right dorsolateral prefrontal cortex, 
r.DLPFC), with p = 0.0002. A corresponding boxplot illus-
trating this difference is shown in Fig. 5. In addition, the 
WM-GM FC between the b.CC and r.DLPFC exhibited 
a significant negative correlation with BMI (R = -0.44, 
p = 0.0002). A scatter plot visualizing this correlation is 
shown in Fig. 6.

To complement the WM‑based analyses, we also 
constructed a conventional GM–GM FC matrix using 
the same participants, preprocessing, and statistical 
framework (see Supplementary Methods and Figures 
S1–S3). BA35.L–BA34.R (left perirhinal cortex – right 
piriform cortex) showed a significant group difference 
(age/sex‑adjusted p = 0.0002) and was positively corre-
lated with BMI (partial R = 0.41, p = 0.0007). Connectivity 
was higher in the OW/OB group compared to the NW 
group, consistent with the positive BMI association.

Discussion
Our study leveraged resting-state fMRI data from 68 chil-
dren to explore alterations in WM-WM and WM-GM 
functional connectivity associated with BMI. We per-
formed independent t-tests to assess group differences in 
connectivity and conducted Pearson correlation analyses 

Fig. 1  The mean WM-WM FC Patterns in (left) the OW/OB group and (right) the NW group. Each cell of this FC matrix represents the mean Pearson cor-
relation coefficient of the time series between two WM ROIs
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Fig. 3  Correlation between WM-WM FC and BMI. (R = 0.47, p = 0.0001, with the effects of sex and age regressed out). Middle cerebellar peduncle (m.CBLP); 
right uncinate fasciculus (r.UF)

 

Fig. 2  Comparison of WM-WM FC between OW/OB and NW Groups. Middle cerebellar peduncle (m.CBLP); right uncinate fasciculus (r.UF)
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to examine the relationship between FC and BMI, while 
controlling for potential confounding effects of age and 
sex. Our findings indicate that WM-WM FC between the 
m.CBLP and r.UF was significantly enhanced in the OW/
OB group and positively correlated with BMI across all 
subjects. This increased connectivity may reflect a neu-
roadaptive compensatory mechanism, potentially facili-
tating the integration of motor and cognitive functions in 
response to obesity-related challenges. Additionally, we 
observed a significant reduction in WM-GM FC between 
the b.CC and r.DLPFC in the OW/OB group, with this 
connectivity showing a negative correlation with BMI. 
This inverse relationship may suggest disruptions in 
the modulatory interaction between these regions, 

potentially impairing executive function, cognitive con-
trol, and interhemispheric communication.

The m.CBLP is primarily involved in motor coordi-
nation and cognitive functions. It plays a crucial role in 
fine motor control, balance, and postural maintenance. 
Studies have shown that individuals with obesity exhibit 
a certain degree of motor impairment in tasks requir-
ing complex motor coordination, which may be related 
to altered m.CBLP function [9]. A previous study pro-
vided support for the notion that the cerebellum may be 
involved in fat mass and obesity associated gene-related 
risk for obesity [43]. The r.UF connects the anterior tem-
poral lobe and orbitofrontal cortex, playing a crucial 
role in the emotional empathy network, socio-emotional 

Fig. 5  Comparison of WM-GM FC between OW/OB and NW Groups. Body of the corpus callosum (b.CC); right dorsolateral prefrontal cortex (r.DLPFC)

 

Fig. 4  The mean WM-GM FC Patterns in (left) the OW/OB group and (right) the NW group. Each cell of this FC matrix represents the mean Pearson cor-
relation coefficient of the time series between one WM and one GM ROIs
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processing, decision-making, memory functions, emo-
tional regulation, and cognitive control [44]. Previous 
studies have found that obese individuals exhibit signifi-
cantly increased activation in the prefrontal cortex and 
amygdala when exposed to food-related stimuli, suggest-
ing heightened sensitivity to food cues and altered func-
tional connectivity in these regions [11]. Other studies 
suggested that changes in the function of the uncinate 
fasciculus in individuals with obesity may be associated 
with an exaggerated response to high-calorie food dur-
ing food-related decision-making [45]. The m.CBLP and 
r.UF play crucial roles in motor and cognitive functions, 
respectively. Individuals with obesity may face greater 
challenges in tasks requiring the coordination of these 
functions, prompting the brain to potentially enhance 
connectivity between these two regions to facilitate more 
effective motor-cognitive integration. As a neuroadaptive 
compensation mechanism, the brain may strengthen the 
connectivity between the m.CBLP—which is primarily 
responsible for motor coordination and cognitive func-
tions—and the r.UF, which plays a key role in emotional 
regulation, decision-making, and cognitive control, to 
help maintain normal function. Furthermore, increased 
connectivity between emotional decision-making and 
motor-related regions may contribute to more spontane-
ous motor responses driven by food-seeking emotions, 

potentially influencing eating behaviors in individuals 
with obesity.

The dorsolateral prefrontal cortex is involved in com-
plex cognitive processes, including executive control, 
attention, and inhibitory control. This region is recog-
nized for its role in goal-directed behavior, particularly in 
conflict and self-monitoring, error detection, executive 
control, and decision-making related to risk and reward 
[46], which also has been identified in previous studies 
as a critical region for diet success [47, 48]. The impor-
tance of the dorsolateral prefrontal cortex as a behav-
ioral control area is underscored by its chronic activation 
in overweight and obese individuals, which may reflect 
compensatory processes used to regulate eating behav-
ior and appetite hormones [49, 50]. On the other hand, 
the body of the corpus callosum is essential for inter-
hemispheric communication, facilitating the integration 
of motor, sensory, and cognitive information between 
the hemispheres. Yang Hu et al. found that alterations 
in white matter anatomical connectivity between corpus 
callosum and other brain regions involved in reward and 
executive control are associated with abnormal eating 
behaviors [51]. Carbine et al. investigated differences in 
white matter integrity between normal-weight and over-
weight/obese adolescents, and found that overweight 
and obese adolescents exhibited reduced white mat-
ter integrity in key regions such as the corpus callosum 

Fig. 6  Correlation between WM-GM FC and BMI. (R = -0.44, p = 0.0002, with the effects of sex and age regressed out). Body of the corpus callosum (b.CC); 
right dorsolateral prefrontal cortex (r.DLPFC)
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and cingulum [52]. Other studies have also shown that 
obesity is associated with reduced integrity and altered 
connectivity in the corpus callosum, and these reduc-
tions may be linked to deficits in cognitive functions 
and behavioral control [13, 14, 53]. The observed reduc-
tion in WM-GM FC between the b.CC and r.DLPFC in 
the OW/OB group may be attributed to obesity-induced 
white matter alterations, which disrupt normal brain 
connectivity. This disruption suggests a potential under-
lying mechanism by which obesity affects brain func-
tion—specifically through impaired connectivity between 
decision-making processes and motor-cognitive control, 
potentially leading to deficits in behavioral regulation 
and cognitive control.

Our WM–GM findings align with previous structural 
studies reporting obesity‑related alterations in callo-
sal and fronto‑limbic white matter microstructure [14]. 
The reduced b.CC–rDLPFC WM–GM FC observed in 
the present study may reflect impaired interhemispheric 
conduction and synchrony, consistent with prior reports 
of decreased callosal integrity in overweight and obese 
cohorts [54]. In contrast, the elevated m.CBLP–r.UF 
WM–WM FC could represent compensatory up‑weight-
ing of cerebello‑fronto‑limbic communication loops 
that support motor‑cognitive integration [51]. Mecha-
nistically, reduced WM–GM FC may arise from micro-
structural compromise, neuro‑glio‑vascular changes, 
or timing desynchronization along affected pathways, 
whereas increased FC may reflect re‑routing or compen-
satory recruitment of alternative networks. These inter-
pretations highlight the need for multimodal studies that 
integrate diffusion tractography, electrophysiology, and 
fMRI to clarify the biological underpinnings of altered 
WM connectivity in pediatric obesity. The GM findings 
complement the main‑text WM results, supporting the 
view that obesity is associated with selective re‑weighting 
across pathways.

Emerging evidence supports the interpretation that 
increased WM–WM FC in specific pathways may reflect 
neuroadaptive re‑weighting in the context of obesity. 
For example, resting‑state fMRI studies have shown that 
stronger cerebellar–cerebral connectivity predicts higher 
BMI, and monozygotic twin data indicate that the heavier 
co‑twin exhibits heightened cerebellar–insula coupling 
[55]. Interventional work further demonstrates that 
dual‑site transcranial magnetic stimulation targeting the 
dorsolateral prefrontal cortex (DLPFC) and cerebellum 
acutely reduces appetite in obese individuals, suggesting 
that this loop can be recruited to compensate for dysreg-
ulated eating drives [56]. Meta‑analytic and task‑based 
fMRI studies consistently report enhanced DLPFC/
orbitofrontal activation in response to food cues among 
people with obesity, particularly in those who succeed 
at dietary self‑control, supporting the idea of prefrontal 

up‑regulation as a compensatory mechanism [57]. These 
convergent findings reinforce our interpretation that 
increased m.CBLP–r.UF WM–WM FC may index com-
pensatory recruitment of cerebello–fronto‑limbic path-
ways to maintain behavioral regulation.

Limitations. This study has several limitations. First, 
the sample size (n = 68) is modest. Although we did a 
power analysis before the conduct of this study which 
has showed that the sample size was adequate, the power 
analysis was focusing on other imaging features (e.g., 
structural differences) and not for the novel analysis of 
the WM FC. Therefore, the study may be underpowered 
to detect small effects, and the findings should be inter-
preted as exploratory and hypothesis‑generating. Second, 
cognitive, behavioral, or motor assessments measured at 
the same time of the MRI would have strengthened the 
functional interpretation of the observed connectivity 
changes. Third, handedness information was not col-
lected for participants, which may constrain the inter-
pretation of connectivity patterns, particularly in regions 
affected by hemispheric lateralization. Finally, while we 
used a p < 1/N edge‑wise threshold commonly adopted 
in WM‑fMRI studies, our main effects do not survive 
stricter false‑discovery‑rate or Bonferroni corrections; 
future studies with larger samples will be required to rep-
licate these results.

Conclusions
Our study showed significant alterations in WM-WM 
FC and WM-GM FC in children with OW/OB, indicat-
ing the impact of body weight status of children on brain 
connectivity, even in WM. These findings suggested the 
previously unknown impact of childhood obesity on 
white matter functional connectivity, emphasizing the 
need for further research on its neurodevelopmental 
consequences.
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