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ABSTRACT

Obesity is commonly associated with atrophy-like gray matter changes, such as lower gray matter volume or density, yet the
affected regions reported vary widely across studies. It remains unclear whether these heterogeneous loci converge on a re-
producible large-scale network, and whether weight-loss-related increases in gray matter map onto the same network or a dis-
tinct set of functional systems. We identified loci of adiposity-related gray matter reduction and post-weight-loss increases from
38 published whole-brain voxel-based morphometry studies, including case-control, dimensional adiposity, and longitudinal
weight-loss contrasts. Using coordinate-based connectome mapping applied to a large normative resting-state functional con-
nectome, we reconstructed networks associated with adiposity-related structural alterations. We further performed imaging
transcriptomic and gene set enrichment analyses to characterize the molecular programs associated with the adiposity-related
network. Gray matter reductions associated with adiposity converged on a reproducible, distributed large-scale network primar-
ily involving frontoparietal control, cingulo-opercular, default mode, and Visuall systems. In contrast, GMV/GMD increases
following weight loss showed a distinct system-level distribution, with the largest contributions in cingulo-opercular, somatomo-
tor, and dorsal attention systems, and comparatively limited representation in default mode and frontoparietal control networks.
Imaging transcriptomic analyses further linked the adiposity-related network to coordinated gene expression patterns, and gene
set enrichment analyses highlighted pathways related to mitochondrial energy metabolism, synaptic signaling, ion transport,
and cellular protein homeostasis. Adiposity-related gray matter alterations converge on a reproducible large-scale network, but
the system-level pattern differs across categorical obesity, dimensional adiposity, and GMV/GMD increases following weight
loss. Weight-loss-related gray matter increases are not a simple mirror reversal of the cross-sectional network, and imaging
transcriptomic analyses implicate coordinated molecular programs related to mitochondrial energetics, synaptic signaling, ion
transport, and protein homeostasis.

1 | Introduction accelerated cognitive decline and increased risk of mild cogni-
tive impairment and dementia, even after accounting for con-
Accumulating evidence suggests that obesity and excess adi- ventional vascular risk factors (Tang et al. 2021; Qu et al. 2020;

posity are associated with lower gray matter volume or density, Fang et al. 2026; Livingston et al. 2024). Several interacting
and that these structural brain alterations may contribute to mechanisms may link excess adiposity to gray matter injury.
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Key Points

« Cross-sectional adiposity-related GMV/GMD reduc-
tions converge on a reproducible large-scale network,
mainly involving frontoparietal control, cingulo-
opercular, default mode, and Visuall systems.

« Weight-loss-related GMV/GMD increases show a dis-
tinct network distribution, with greater involvement
of cingulo-opercular, somatomotor, and dorsal atten-
tion systems rather than a simple mirror reversal of
the cross-sectional pattern.

» Imaging transcriptomic analyses link the adiposity-
associated network to molecular programs related
to mitochondrial energetics, synaptic signaling, ion
transport, and protein homeostasis.

Adiposity-related insulin resistance may disrupt neuronal in-
sulin signaling, a process essential for synaptic maintenance,
dendritic plasticity, and cerebral glucose metabolism, thereby
increasing vulnerability in metabolically demanding brain re-
gions (Arnold et al. 2018; Kullmann et al. 2016). In parallel,
chronic low-grade inflammation driven by adipose-derived cy-
tokines and adipokines may compromise blood-brain barrier
integrity, activate microglia, and promote neuroinflammatory
cascades that contribute to regionally selective neuronal injury
(Miller and Spencer 2014; O'brien et al. 2017). These metabolic
and inflammatory insults may be especially consequential in
higher-order association regions, including regions within the
default mode, frontoparietal control, and salience networks,
which are characterized by high metabolic demand and dense
synaptic connectivity (Vaishnavi et al. 2010; Crossley et al. 2014;
Morys et al. 2024). Because these same systems are also impli-
cated in cognitive aging and neurodegenerative disease, defining
the network-level topography of adiposity-related gray mat-
ter alterations may help clarify cognitive risk, identify targets
for monitoring treatment effects, and determine whether such
changes reflect a modifiable component of brain aging (Rubino
et al. 2025; Buckner et al. 2008; Honea et al. 2016; Li et al. 2023;
The Lancet Diabetes Endocrinology 2025; Maynard 2025).

VBM studies have reported lower gray matter volume or density
in overweight and obesity, particularly in prefrontal, insular,
temporal, and cingulate regions (Garcia-Garcia et al. 2019; Li
et al. 2022; Pannacciulli et al. 2006; Brooks et al. 2013; Jauch-
Chara et al. 2015). Yet these findings remain spatially heteroge-
neous across studies, making it unclear whether they converge
on common functional brain networks (Li et al. 2022).

Importantly, adiposity-related structural alterations may be
at least partly reversible. Longitudinal VBM studies after bar-
iatric surgery have reported gray matter increases following
substantial weight loss, with some effects persisting for up to
24 months and covarying with metabolic or inflammatory im-
provement (Rullmann et al. 2018). This question is clinically
important because it may help identify which brain changes
are potentially modifiable with treatment, and whether post-
weight-loss remodeling reflects true recovery within the
same vulnerable systems or a distinct pattern of structural
reorganization.

Despite this progress, two key gaps remain. Conventional
coordinate-based meta-analyses identify convergent peaks but
provide limited insight into whether heterogeneous adiposity-
related loci converge on coherent large-scale networks. This
issue is especially relevant given the spatial heterogeneity and
phenotype dependence of adiposity-related gray matter find-
ings (Liu et al. 2025). Normative connectome-based mapping
addresses this limitation by projecting focal loci onto intrinsic
connectivity networks derived from large resting-state datasets
(Fornito et al. 2015; Fox 2018; Stubbs et al. 2023). Coordinate
network mapping, in particular, offers a framework for reveal-
ing network-level convergence not captured by standard ALE-
style summaries (Fox 2018; Lefort-Besnard et al. 2025; Peraza
et al. 2025; Steele et al. 2025).

A further gap concerns biological interpretation. It remains
unclear whether the spatial topology of adiposity-related gray
matter vulnerability, as expressed across large-scale functional
systems, is constrained by specific molecular architectures.
Imaging transcriptomics provides a principled framework for
linking macroscale neuroimaging patterns to regional gene ex-
pression gradients derived from the Allen Human Brain Atlas,
thereby enabling pathway-level interpretation of network orga-
nization (Arnatkeviciute et al. 2023).

Here, we combined connectome-based mapping with imaging
transcriptomics using published whole-brain VBM evidence
available through December 1, 2025, to (i) derive networks
associated with adiposity-related gray matter reduction and
post-weight-loss increases, (ii) situate these networks within
canonical functional systems, and (iii) identify gene expres-
sion programs that may constrain their spatial organization.
A schematic overview of the study workflow is shown in
Figure 1.

2 | Methods
2.1 | Literature Search and Eligibility Criteria

We conducted a systematic literature search of PubMed, Web
of Science, and Embase for studies published up to December
1, 2025, using combinations of keywords related to adipos-
ity (e.g., body mass index, waist circumference, body fat
percentage), gray matter structure, and voxel-based mor-
phometry (Figure S1). Only peer-reviewed studies were con-
sidered. Eligible studies were required to report whole-brain
voxel-wise analyses of gray matter volume or density (GMV/
GMD) in association with primary adiposity measures and
to provide peak coordinates in standard stereotactic space
(MNT or Talairach). To focus on adiposity-related structural
associations, we included only studies in which the primary
statistical models examined either categorical or continu-
ous adiposity phenotypes while controlling for basic demo-
graphic and anatomical covariates. Three types of contrasts
were eligible for inclusion: (i) case-control comparisons be-
tween individuals with obesity and individuals with normal
weight; (ii) dimensional associations between GMV/GMD and
continuous adiposity measures (e.g., body mass index, waist
circumference, or body fat percentage); and (iii) longitudinal
changes in GMV/GMD following weight-loss interventions.
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FIGURE 1

| Study overview and analysis workflow. The figure schematically illustrates the analytic pipeline used in this study: (1) systematic

literature review and study selection of whole-brain VBM studies; (2) extraction of peak coordinates associated with adiposity-related or weight-loss-
related gray matter volume/density (GMV/GMD) alterations; (3) coordinate-based connectome mapping using each coordinate as a seed in a large
normative resting-state functional connectome (~1000 healthy adults); (4) aggregation of seed-based connectivity maps across studies to reconstruct
probability-based networks; and (5) downstream analyses, including (5a) network stability assessment (split-half resampling), (5b) functional system
annotation (CAB-NP), and (5c) imaging transcriptomics linking network topology to regional gene expression from the Allen Human Brain Atlas.
The figure is a schematic workflow illustration for visualization purposes.

Detailed inclusion and exclusion criteria are provided in the
Supplementary Methods. Based on these criteria, we identi-
fied a total of 38 eligible studies, yielding 46 contrasts in total,
including 13 case-control contrasts, 21 dimensional adipos-
ity analyses, and 12 longitudinal weight-loss contrasts, with
some studies contributing more than one contrast type. Study
characteristics are summarized in Supplementary Table S1
(Honea et al. 2016; Pannacciulli et al. 2006; Brooks et al. 2013;
Jauch-Chara et al. 2015; Rullmann et al. 2018, 2019; Figley
et al. 2016; Hayakawa et al. 2018; He et al. 2015; Hidese
et al. 2022; Horstmann et al. 2011; Huang et al. 2019; Karlsson
et al. 2013; Kennedy et al. 2016; Kurth et al. 2013; Kharabian
Masouleh et al. 2016; Mathar et al. 2016; Michaud et al. 2020;
Nouwen et al. 2017; Opel et al. 2017; Prehn et al. 2017, 2020;
Shan et al. 2019; Shott et al. 2015; Smucny et al. 2012; Taki
et al. 2008; Tuulari et al. 2016; Walther et al. 2010; Wang
et al. 2017, 2020; Weise et al. 2013, 2017, 2019; Yao et al. 2016;
Yokum et al. 2012; Zhang et al. 2016; Zhou et al. 2025; Janowitz
et al. 2015). The methodological quality of included studies
was independently assessed using a standardized neuroimag-
ing quality checklist, with full criteria and results reported in
Supplementary Methods S1 and Supplementary Table S2.

2.2 | Coordinate-Based Connectome Mapping

To reconstruct networks associated with adiposity-related
and weight-loss-related gray matter alterations, we applied
a coordinate-based connectome mapping approach. Peak co-
ordinates from eligible contrasts were converted into spheri-
cal seed regions in standard MNI space and projected onto a
large normative resting-state functional connectome derived

from ~1000 healthy adults. Normative functional connectiv-
ity data were obtained from the GSP1000 preprocessed con-
nectome of the Brain Genomics Superstruct Project (https://
doi.org/10.7910/DVN/ILXJKS) (Holmes et al. 2015). For each
seed, whole-brain functional connectivity maps were gener-
ated within the normative connectome, thresholded to iden-
tify significantly connected regions, and binarized to produce
study-level network masks. These masks were combined
across studies to derive voxelwise probability-based networks.
Because there is no universally accepted overlap threshold
for coordinate—/network-mapping-based reconstruction, we
used prespecified operational criteria to define the primary
network mask for downstream analyses. Specifically, voxels
present in at least 50% of study-level maps were retained, and
clusters smaller than 10 contiguous voxels were removed to re-
duce isolated fragments and improve interpretability. Recent
network-localization studies have used similar group-level
overlap thresholds, typically in the range of 50%-60%, sup-
porting the use of such thresholds as empirical reconstruction
parameters rather than fixed standards (An et al. 2026; She
et al. 2026; Ma et al. 2026; Liu et al. 2026). Robustness across
adjacent convergence thresholds was evaluated in sensitivity
analyses (Figure S2). Full details of connectome construction,
statistical thresholding, and sensitivity analyses are provided
in the Supplementary Methods S2.

2.3 | Network Stability and Spatial Specificity

To assess the robustness of the adiposity-associated networks,
we evaluated their spatial stability using a split-half resam-
pling procedure. In each iteration, study-level network masks
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were randomly divided into two halves, independently com-
bined to generate two networks, and compared using the Dice
similarity coefficient. To determine whether the observed
spatial overlap exceeded chance expectations, we constructed
size-matched random networks within the same brain mask
and repeated the split-half procedure to generate a null dis-
tribution of Dice coefficients. The stability and spatial spec-
ificity of the observed networks were assessed by comparing
the empirical Dice values with this null distribution. Full de-
tails of the resampling strategy, random network generation,
and statistical evaluation are provided in the Supplementary
Methods S3.

2.4 | Functional System Annotation

To characterize the large-scale functional organization of the
cross-sectional adiposity-associated gray matter networks, we
annotated network voxels using a large-scale functional net-
work atlas. Primary analyses were conducted using the Cole-
Anticevic Brain Network Parcellation (CAB-NP, 12-network
solution, https://github.com/ColeLab/ColeAnticevicNetPart
ition) (Ji et al. 2019). Network masks were resampled to the
CAB-NP atlas space, and all voxels within the cross-sectional
adiposity (including obesity status and dimensional) or weight-
loss related networks were treated as affected voxels.

For each functional system, we quantified two complemen-
tary metrics: (i) the proportion of total affected voxels located
within the system, and (ii) within-network vulnerability, de-
fined as the proportion of voxels affected within each net-
work's total volume. These complementary metrics were used
to describe the relative involvement of different large-scale
networks.

2.5 | Imaging Transcriptomics Analysis

To relate adiposity-associated network patterns to underlying
molecular organization, we performed imaging transcrip-
tomic analyses using regional gene expression data from the
Allen Human Brain Atlas. Gene expression data were pro-
cessed and mapped to brain regions using standardized pro-
cedures implemented in the abagen toolbox. A continuous
imaging phenotype was constructed by averaging seed-based
functional connectivity values across all coordinates contrib-
uting to the adiposity-associated network. Mean values were
extracted for each Brainnetome region in the left hemisphere
(Fan et al. 2016).

Regional gene expression profiles were matched to the same left-
hemisphere Brainnetome parcellation, and partial least squares
(PLS) regression was used to identify gene expression compo-
nents associated with the spatial distribution of the imaging
phenotype. We evaluated the first two PLS components because
they capture the principal axes of covariance between regional
gene expression and the imaging phenotype and are commonly
examined in imaging-transcriptomic studies. Statistical signif-
icance of each latent variable was assessed using spatial per-
mutation testing to account for spatial autocorrelation (Cheng
et al. 2025). Because PLSI represented the dominant latent

variable, downstream enrichment analyses were restricted
to genes with stable positive contributions to PLS1 (bootstrap
Z>5). Positive weights indicate that higher regional gene ex-
pression is spatially aligned with higher values of the imaging
phenotype. Full details of transcriptomic preprocessing, model
implementation, and statistical evaluation are provided in the
Supplementary Methods S4 and Supporting Information S1.

2.6 | Gene Set Enrichment Analysis

To characterize the biological processes associated with genes
linked to the adiposity-associated network, we performed func-
tional and disease enrichment analyses on genes showing high
and stable contributions to the dominant PLS component. Gene
Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes
(KEGG) pathway enrichment analyses were conducted using
the DAVID bioinformatics resource (https://davidbioinforma
tics.nih.gov/). All enrichment analyses and statistical testing
were performed directly within the DAVID platform, with cor-
rection for multiple comparisons applied using the Bonferroni
method. The resulting enrichment tables were exported from the
DAVID website and are provided as supplementary Excel files to
ensure transparency and reproducibility. Detailed enrichment
results, statistical parameters, and gene lists are reported in the
Supplementary Methods and Supporting Information S2.

2.7 | Code Availability and Reproducibility

All preprocessing and analyses were performed using custom-
written code in Python (version 3.8) and MATLAB (R2024b).
The complete analysis code and parameter settings have been
registered and will be made publicly available via the Open
Science Framework (OSF; Registration DOI: https://doi.org/10.
17605/0OSF.I0/SPJZD).

3 | Results
3.1 | Adiposity-Associated Gray Matter Networks

Using coordinate-based connectome mapping, we constructed
a network associated with adiposity-related reductions in gray
matter volume and density (GMV/GMD) by integrating peak
coordinates from cross-sectional case—control and dimensional
analyses. Study-level network masks were combined to gen-
erate a voxel-wise probability map, and a primary adiposity-
associated network was defined using a prespecified threshold
(voxel-wise probability >0.5; minimum cluster size > 10 voxels)
for subsequent analyses (Figure 2).

Sensitivity analyses indicated that varying the probability
threshold altered network extent but did not change the pref-
erential involvement of higher-order association systems, and
no additional spatial foci emerged (Figure S2). Based on these
findings, all functional system annotation and imaging tran-
scriptomic analyses were conducted using the primary network.
Using the same analytic framework, we also constructed net-
works associated with longitudinal GMV/GMD changes follow-
ing weight loss, which are reported separately below.
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FIGURE 2 | Cross-sectional gray matter network derived from adiposity-related case-control and dimensional analyses. The figure shows a

probability-based network derived from coordinate-based connectome mapping of cross-sectional adiposity-related gray matter volume and den-

sity (GMV/GMD) reductions. Voxel intensity reflects the probability of network involvement across included contrasts, with darker colors indicat-

ing higher spatial consistency. The network was defined using a voxel-wise probability threshold of >0.5 and a minimum cluster size of 10 voxels.

Representative axial, coronal, and sagittal slices are shown for visualization.

3.2 | Network Stability and Spatial Specificity

We assessed the spatial stability of the cross-sectional adiposity-
associated network using split-half resampling, with spatial over-
lap quantified by the Dice similarity coefficient. Across iterations,
the resulting half-sample networks showed consistent spatial over-
lap, indicating that the identified pattern was reproducible across
independent subsets of studies. Spatial specificity was further con-
firmed by comparison with size-matched random networks con-
strained to the same brain mask, demonstrating that the observed
network convergence exceeded chance expectations (Figure 3).

3.3 | Functional System Distribution
of the Cross-Sectional Adiposity-Associated Network

To characterize the functional organization of adiposity-
associated gray matter alterations, we projected the cross-
sectional adiposity-associated GMV/GMD network onto the
CAB-NP large-scale functional atlas (Figure 4A). This network
integrated coordinates from cross-sectional case-control and
dimensional adiposity analyses and did not include longitudinal
weight-loss-related effects.

At the system level, vulnerability associated with adiposity
showed a clearly non-uniform distribution across functional
networks. The largest proportion of affected voxels was located
within higher-order control and association systems, with the
frontoparietal control network contributing the greatest share,
followed by the cingulo-opercular control network and the de-
fault mode network. In contrast, primary sensory and motor
systems accounted for relatively small proportions of abnormal
voxels.

Within-network analyses showed a partially dissociable pattern.
Several association and sensory-association systems exhibited

relatively high internal overlap with the adiposity-associated
abnormality network despite contributing fewer affected voxels
overall. In particular, auditory, posterior multimodal, and lan-
guage systems showed the highest within-network vulnerability,
whereas most other systems showed more modest involvement.
Together, these results indicate that cross-sectional adiposity-
related GMV/GMD reductions follow a selective system-level
organization rather than a diffuse pattern. Exact values are re-
ported in Supplementary Table S3.

3.4 | Phenotypic Heterogeneity: Dissociable
System-Level Patterns for Categorical Obesity
and Dimensional Adiposity

To examine heterogeneity within the cross-sectional adiposity-
related network, we compared system-level distributions de-
rived from categorical case—control contrasts and dimensional
adiposity associations. Both analyses were based exclusively on
cross-sectional coordinates and excluded longitudinal weight-
loss effects. Networks derived from categorical obesity contrasts
preferentially involved control and attention-related systems,
with the strongest contributions from cingulo-opercular and
dorsal attention networks and comparatively smaller contribu-
tion from the default mode network (Figure 4B). In contrast,
networks derived from dimensional adiposity measures were
dominated by default mode and higher-order association sys-
tems, with relatively less involvement of salience and attention
networks (Figure 4C).

3.5 | System-Level Organization of Weight-Loss-
Related GMV/GMD Changes

We next examined the GMV/GMD network associated with
weight loss, derived from longitudinal studies comparing
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FIGURE 3 | Spatial stability and specificity of the cross-sectional adiposity-associated network. (A) Overlaid probability histograms showing the
distributions of split-half Dice coefficients derived from 1000 iterations. The red histogram represents the spatial overlap between independently
derived split-half networks using the real data, whereas the gray histogram represents the null distribution generated from size-matched random
networks constrained within the same brain mask. The vertical lines indicate the respective mean Dice coefficients (Mean real Dice =0.38; Mean
random Dice =0.003). The empirical p-value (p <0.001) confirms that the observed spatial convergence significantly exceeds chance expectations.
(B) Boxplots with jittered scatter overlays summarizing the variance and data spread of the split-half Dice coefficients for both the real and random
network configurations. Each dot represents a single resampling iteration.

brain structure before and after weight-reduction interven-  variance explained by the first two components: 48.59%), with
tions. This network was analyzed separately from the cross- both components reaching significance by spatial permutation
sectional adiposity-related networks. At the system level, the testing (PLS1: r=0.633, p=0.011; PLS2: r=0.584, p=0.006;
weight-loss-related network showed a distribution distinct from Figure S3). Because PLS1 represented the dominant latent vari-
the cross-sectional pattern, with the largest contributions in able, downstream enrichment analyses focused on genes with
cingulo-opercular, somatomotor, and dorsal attention systems, stable positive weights on PLS1 (bootstrap Z> 5), indicating pos-
and comparatively smaller contributions in frontoparietal and itive spatial association with the imaging phenotype. Functional
default mode networks (Figure 4D). This distribution argues pathway analyses based on these positively weighted PLS1 genes
against a simple mirror reversal of the cross-sectional adiposity- demonstrated convergent enrichment for molecular processes
associated network. Within-network analyses showed relatively =~ related to mitochondrial energy metabolism, synaptic structure
concentrated involvement of sensorimotor and attention-related and signaling, ion transport, and cellular protein homeostasis.
systems, supporting preferential engagement of motor, salience, These pathways represent core biological programs supporting
and attentional processes. In contrast, higher-order association neuronal energetics, synaptic communication, and excitability
networks that were prominent in the cross-sectional analyses regulation in large-scale brain networks.
showed comparatively limited representation in the weight-loss
network. Disease gene set enrichment further indicated overlap with
neurological disorders characterized by impaired energy metab-
olism and altered neuronal excitability, including epilepsy, pri-

3.6 | Imaging Transcriptomic Context mary mitochondrial disorders, and related neurodegenerative
of Adiposity-Related Network Vulnerability disease categories. Although these overlaps do not imply shared

disease etiology, they suggest that adiposity-related network
To characterize the molecular architecture underlying adiposity- ~ vulnerability maps onto transcriptional architectures that are

related gray matter vulnerability, we related the spatial pattern also implicated in conditions marked by energetic failure and
of the cross-sectional adiposity-related GMV/GMD network to excitability imbalance. Together, these findings provide a co-

regional gene expression using partial least squares (PLS) re- herent molecular framework linking systemic metabolic stress
gression. PLS analysis identified two significant latent variables. to network-level brain vulnerability through conserved path-
PLS1 explained 28.17% of the variance in the imaging pheno- ways governing neuronal energy supply and synaptic function

type and PLS2 explained an additional 20.42% (cumulative (Figure 5).
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FIGURE4 | System-level organization of adiposity- and weight-loss-related GMV/GMD networks. The figure summarizes system-level distribu-
tions of gray matter volume/density (GMV/GMD) networks across four analyses: (A) the cross-sectional adiposity-associated network derived from
combined case-control and dimensional analyses; (B) the obesity-related network derived from categorical case—control contrasts; (C) the network
derived from dimensional associations with adiposity measures; and (D) the weight-loss-related network derived from longitudinal pre-post inter-
vention studies. For each subfigure, the left panel shows bar plots indicating the proportion of all affected voxels located within each large-scale
functional system defined by the CAB-NP atlas. The right panel shows polar plots depicting within-network vulnerability, defined as the proportion
of affected voxels within each functional system relative to its total network volume. Together, these complementary metrics illustrate both the rel-
ative contribution of each functional system to the overall network and the internal susceptibility of each system to adiposity- or weight-loss-related

structural alterations.
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FIGURE 5 | Molecular and disease context of the adiposity-related GMV/GMD network. Gene set enrichment analyses based on genes with
stable positive weights on the first partial least squares component (PLS1; bootstrap Z > 5), linking regional gene expression to the spatial pattern
of the cross-sectional adiposity-related GMV/GMD network. All enriched genes shown here were therefore positively associated with the imaging
phenotype. (A) Gene Ontology (GO) enrichment analysis showing significantly overrepresented terms across the Biological Process (BP), Cellular
Component (CC), and Molecular Function (MF) domains. (B) Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis
highlighting pathways related to mitochondrial energy metabolism, neurodegenerative disease, autophagy-lysosomal function, and metabolic reg-
ulation. (C) Disease gene set enrichment analysis showing significant overlap with neurological conditions characterized by mitochondrial dysfunc-
tion and altered neuronal excitability, including epilepsy and primary mitochondrial disorders. Only terms surviving Bonferroni correction are dis-
played. Bubble size (A-B) reflects the number of contributing genes, and the x-axis indicates enrichment significance (—log10 Bonferroni-corrected
p values). Together, these analyses suggest that adiposity-related structural vulnerability is shaped by coordinated transcriptional programs related
to neuronal energetics, synaptic signaling, and excitability regulation.

adiposity measures more strongly implicated default mode and
association systems. In contrast, weight-loss-related GMV/

4 | Discussion

Using coordinate-based connectome mapping, we identified a
reproducible large-scale network underlying adiposity-related
gray matter alterations. Cross-sectional GMV/GMD reductions
were concentrated in frontoparietal control, cingulo-opercular,
default mode, and Visuall systems, but this pattern varied by
phenotype definition: categorical obesity preferentially involved
control- and attention-related systems, whereas dimensional

GMD changes followed a distinct system-level distribution, with
greater involvement of cingulo-opercular, somatomotor, and
dorsal attention systems rather than a simple mirror reversal
of the cross-sectional pattern. At the molecular level, the cross-
sectional network was linked to coordinated transcriptional
programs related to mitochondrial energetics, synaptic signal-
ing, ion transport, and protein homeostasis.
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The cross-sectional adiposity-associated network should,
however, be interpreted in the context of substantial hetero-
geneity across the source literature. Although its split-half
Dice coefficient (0.38) was significantly greater than expected
under size-matched randomization, this value indicates only
moderate overlap between independently derived half-sample
networks. We therefore interpret this network as a reproduc-
ible core topography rather than a highly uniform spatial map,
with the moderate overlap likely partly reflecting differences
in adiposity phenotypes, sample characteristics, and analytic
pipelines across studies. This view is further supported by the
threshold-sensitivity and leave-one-out analyses, which pre-
served the principal network pattern despite changes in spa-
tial extent.

Within this cross-sectional network, the frontoparietal con-
trol system showed the greatest involvement, suggesting pref-
erential vulnerability of systems supporting executive control,
goal-directed behavior, and dietary self-regulation (Lavagnino
et al. 2016; Devoto et al. 2023; Gluck et al. 2017). Such a pattern
may help reconcile earlier voxel-based morphometry studies that
variably emphasized prefrontal and related loci by placing these
heterogeneous findings within a common large-scale control-
system framework. Clinically, this result is also relevant, as ex-
ecutive dysfunction has been associated with poorer weight-loss
outcomes, and frontoparietal connectivity has been linked to
improvement in eating-related cognitive control and weight loss
(Devoto et al. 2023; Gluck et al. 2017; Eichen et al. 2021; Donofry
et al. 2020). Beyond frontoparietal control, the next largest con-
tributions came from the cingulo-opercular and default mode
systems. Notably, Visuall also showed substantial involvement,
suggesting that adiposity-related structural alterations may ex-
tend to early sensory-attentional processing of external food
cues (Pursey et al. 2014; Yang et al. 2021).

Our longitudinal findings argue against a simple mirror-reversal
model of reversibility. Instead, weight-loss-related GMV/GMD
changes were concentrated in cingulo-opercular, somatomotor,
and dorsal attention systems, suggesting that post-weight-loss
remodeling may preferentially involve salience/interoceptive
processing, sensory-motor representations of eating, and atten-
tional allocation to external food cues, rather than the higher-
order association-network pattern observed cross-sectionally.
The prominence of the cingulo-opercular system is consistent
with prior evidence linking obesity to altered salience-network
connectivity and disturbed processing of internal bodily sig-
nals and food-related salience (Garcia-Garcia et al. 2013). The
somatomotor result is also notable, because obesity has long
been linked to heightened resting activity in oral somatosensory
cortex, and later neuroimaging work has continued to implicate
gustatory and somatosensory processing in obesity-related eat-
ing behavior (Stice et al. 2009). For the dorsal attention system,
the most plausible interpretation is altered allocation of atten-
tion to food cues, in line with evidence for food-related atten-
tional bias in overweight and obesity (Hendrikse et al. 2015).
Although longitudinal evidence remains limited, recent work
further suggests that successful versus unsuccessful weight loss
is accompanied by different dynamic states involving insular
and motor systems, supporting the idea that post-weight-loss re-
modeling may preferentially affect salience-related and sensory-
motor circuits.

Mechanistically, the imaging-transcriptomic findings provide a
molecular complement to the system-level pattern observed in
the cross-sectional network analyses (Fulcher and Fornito 2016;
Dear et al. 2024). In line with the prominent involvement of
higher-order association systems, functional enrichment of
positively weighted PLS1 genes highlighted pathways related
to mitochondrial energy metabolism, synaptic signaling, ion
transport, and cellular protein homeostasis, suggesting that
adiposity-related structural vulnerability is embedded in tran-
scriptional programs supporting neuronal energetics and excit-
ability (Godbersen et al. 2023). This interpretation is consistent
with broader evidence linking obesity to systemic metabolic
dysfunction, low-grade inflammation, insulin resistance, and
impaired mitochondrial function (Tung et al. 2024; Hartsoe
et al. 2024; Marino et al. 2025). Disease gene set enrichment
further indicated overlap with neurological disorders character-
ized by mitochondrial dysfunction and altered neuronal excit-
ability, including epilepsy and primary mitochondrial disorders.
Although these overlaps do not imply shared disease etiology,
they suggest that the cross-sectional adiposity-associated net-
work aligns with transcriptional architectures implicated in
conditions marked by energetic failure and excitability imbal-
ance (Zhang et al. 2025; Xie et al. 2024).

4.1 | Limitations

Several limitations warrant consideration. The present
connectome-based meta-analytic framework inherits con-
straints common to study-level coordinate-based approaches.
Because the included studies reported peak coordinates rather
than unthresholded whole-brain statistical maps, individual
contrasts could not be weighted by effect size or sample size,
and residual heterogeneity related to sample composition, adi-
posity phenotypes, imaging protocols, preprocessing pipelines,
and analytic strategies could not be explicitly regressed out
or fully modeled. As a result, individual contrasts contribute
equally at the coordinate level within the current reconstruction
framework, regardless of study size. The resulting vulnerability
networks should therefore be interpreted cautiously as proba-
bilistic maps of cross-study spatial convergence rather than as
precise quantitative estimates of regional effect magnitude. This
limitation is particularly relevant when interpreting the relative
prominence of specific network components, which may partly
reflect between-study differences that could not be explicitly
modeled in the present design. In addition, both the normative
functional connectome and gene expression data were derived
from independent healthy samples, which further limits causal
inference at the individual level and precludes direct testing of
subject-specific relationships between adiposity, brain struc-
ture, and gene expression. Imaging-transcriptomic analyses
were additionally restricted to left-hemisphere regions because
of the spatial sampling characteristics of the Allen Human Brain
Atlas, which may constrain the generalizability of these tran-
scriptomic inferences across the full spatial distribution of the
imaging phenotype. Longitudinal weight-loss analyses provide
useful insight into structural plasticity, but follow-up durations
were relatively short and heterogeneous, which limits conclu-
sions about long-term reversibility. Future studies combining
longitudinal neuroimaging, detailed metabolic phenotyping,
and genetic data will be important for refining these inferences.
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5 | Conclusions

In summary, we reconciled heterogeneous adiposity-related
gray matter findings within a coordinate-based connectome
mapping framework and showed that they converge on a re-
producible large-scale network. This network was most prom-
inently expressed in frontoparietal control, cingulo-opercular,
default mode, and Visuall systems, while categorical obesity
and dimensional adiposity measures showed partially disso-
ciable system-level patterns. GMV/GMD increases following
weight loss exhibited a distinct distribution, with greater in-
volvement of cingulo-opercular, somatomotor, and dorsal at-
tention systems, arguing against a simple mirror reversal of
the cross-sectional network. Imaging transcriptomic analyses
further linked the cross-sectional network to coordinated mo-
lecular programs related to mitochondrial energetics, synaptic
signaling, ion transport, and protein homeostasis. These find-
ings may help inform the identification of network-level targets
for monitoring and potentially guiding interventions aimed
at mitigating adiposity-related brain vulnerability. Together,
these findings advance the network-level characterization of
adiposity-related brain structural vulnerability and suggest
that post-weight-loss remodeling engages partly distinct func-
tional systems.
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Supporting Information

Additional supporting information can be found online in the
Supporting Information section. Data S1: PLS gene weights and boot-
strap Z scores (Excel file). Data S2: Functional enrichment results
(GO, KEGG, and disease gene sets) exported from DAVID (Excel file).
Table S1: Characteristics of included structural MRI studies and eli-
gible contrasts. Table S2: Quality and methodological characteristics
of included studies. Table S3: System-level distribution and within-
network vulnerability of abnormal voxels within the CAB-NP atlas
mask across the 12 large-scale CAB-NP networks. Figure S1: PRISMA
flow diagram of study selection. Flow diagram illustrating the identi-
fication, screening, eligibility assessment, and inclusion of studies in
the coordinate-based meta-analysis of obesity-related gray matter alter-
ations. Records were identified through systematic database searches,
duplicates were removed, and full-text articles were assessed according
to predefined inclusion and exclusion criteria. Only whole-brain struc-
tural MRI studies reporting stereotactic coordinates of gray matter vol-
ume or density alterations in adolescent or adult samples were included
in the quantitative synthesis. Figure S2: Sensitivity analyses across al-
ternative convergence thresholds. Network maps of the obesity-related
network are shown at convergence thresholds of >0.45, >0.50 (pri-
mary analysis), and >0.55. Lowering the threshold resulted in spatial
expansion of the network, whereas more stringent thresholding led to
progressively sparser maps, while preserving the core spatial pattern.
Thresholds above this range (e.g., >0.60) yielded minimal surviving
voxels and were therefore not visualized. Figure S3: Associations of
significant PLS components with the imaging phenotype. (A) Scatter
plot showing the association between PLS1 scores and the imaging phe-
notype across left-hemisphere regions (r=0.633, p=0.011). (B) Scatter
plot showing the association between PLS2 scores and the imaging
phenotype across left-hemisphere regions (r=0.584, p=0.006). Both
components reached significance by spatial permutation testing, but
downstream enrichment analyses were restricted to positively weighted
PLS1 genes because PLS1 represented the dominant latent variable.
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