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Understanding the variation of functional architecture across individuals and populations is fundamental
to advancing our knowledge of human health and behavior. Yet, while functional organization differences
related to ethnicity/race are consistently reported, their underlying mechanisms remain poorly understood.
Here, we apply precision individualized functional mapping to systematically investigate ethnicity/race-
related differences between African American (AA) and white American (WA) cohorts in the brain's
intrinsic organization and their associations with lifestyle and transcriptional signatures. We show that
variations in network topography and functional connectivity across these ethnic/racial groups follow
a hierarchical sensorimotor—association axis and are constrained by brain morphology. Importantly,
we identify lifestyle factors—particularly education and substance use—that significantly mediate
these associations between ethnicity/race and functional connectivity. Leveraging human brain gene
expression data, we further demonstrate that cortical transcriptional patterns are spatially aligned
with ethnicity/race-related variability in functional connectivity. Gene ontology analyses of associated
genes reveal significant enrichment in biological processes such as synaptic signaling and neuronal
system development. Together, these findings uncover a multi-layered framework linking ethnicity/
race-related differences in brain function to structural constraints, lifestyle influences, and molecular
signatures, and point to the need for a more comprehensive and equitable understanding of human
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brain diversity.

Introduction

As neuroscience strives for greater generalizability, applicability,
and equity, increasing attention has turned to ethnicity/race-
related differences in brain structure and function [1,2]. These
differences are intertwined with variations in human behaviors
and psychiatric outcomes [3,4]. Neuroimaging evidence has
consistently shown that anatomical properties such as cortical
thickness [5], curvature [6], and gray matter volume [7,8] vary
significantly across ethnic/racial populations. Beyond structural
aspects, differences have also been observed in intrinsic cortical
activity [9] and connectivity profiles [10,11]. Precision mapping
techniques reveal that ethnicity/race-related variability in func-
tional network topography is heterogeneously distributed across
the cortical mantle [11], aligning with fundamental properties of
brain [12]. Yet, given the complex interplay and decoupling of
brain structure and function [13,14], studies directly examining
the associations between trans-population differences in brain
structure and function are lacking. Furthermore, previous struc-
tural studies have largely focused on isolated morphological

Han et al. 2026 | https://doi.org/10.34133/research.1143

features, potentially overlooking the interregional correlations and
coordinated patterns of cortical cytoarchitecture. Morphometric
similarity networks (MSNs) offer a solution by integrating mul-
tiple morphological features to map the individual-specific ana-
tomical connectome [15]. Therefore, the extent to which ethnicity/
race-related differences in the intrinsic functional organization
can be explained by this comprehensive structural architecture
remains to be systematically investigated.

Ethnicity/race is a social construct embedded within cultural,
environmental, and genetic contexts [16]. Focusing narrowly
on superficial group differences may risks oversimplification,
potential bias, and inequitable treatment of specific populations.
Instead, a deeper understanding requires identifying the causes
of ethnicity/race-related differences [3,5,17,18]. Prior studies
have shown that socioeconomic status strongly influences eth-
nicity/race differences in health outcomes (e.g., mortality) and
treatment-seeking behaviors [19-21], and significantly impacts
the development of brain structures [22] and neurocognitive
abilities [23]. Moreover, exposure to social stressors and negative
experiences can contribute to ethnicity/race-related variability
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in neurology and psychopathology (e.g., aging and threat
response) [5,24,25]. Recent epidemiological evidence highlights
that unhealthy behavioral factors, such as alcohol dependence
and lack of physical activity, pose additional risks for both men-
tal and physical health [26,27], and can explain ethnicity/race-
related health inequities [17]. Nevertheless, it remains poorly
understood whether and how comprehensive lifestyle mediates
brain functional variability across populations, a gap that hin-
ders our understanding of the origins of ethnicity/race-related
variations in human brain organization.

Furthermore, genetic factors play important roles in brain
structure and function [28,29], raising the possibility that pat-
terns of ethnicity/race-related differences in brain functional
organization are associated with transcriptional signatures.
The Allen Human Brain Atlas (AHBA), which provides a
brain-wide map of transcriptional activity across thousands
of genes, has been instrumental in linking gene expression to
neurodevelopment [30], cortical hierarchy [31], and psychi-
atric conditions [32,33]. These findings provide valuable
insights into the microscale mechanisms that underlie func-
tional connectomes relevant to inter-individual variability and
population diversity. More recently, advancements in RNA
sequencing from postmortem brain tissues have offered new
avenues to uncover the molecular correlates of ethnicity/race-
related variability in brain organization. Such studies have
shown that genetic ancestry influences gene expression in the
brain, with both genetic variations and environments con-
tributing to ancestry-associated expression alterations [34].
Ancestry-associated differentially expressed genes (DEGs) are
primarily enriched in immune-related pathways [34,35] and
linked to the heritability of neurological disorders [34], echo-
ing the observed prevalence differences across populations
[36-38]. Yet, despite these advances, the specific transcrip-
tomic mechanisms underlying ethnicity/race-related variability
in brain functional organization remain largely unexplored.

To address these gaps, our study investigates the mechanisms
underlying ethnicity/race effects on brain functional connec-
tome from the perspectives of anatomical constraints, lifestyle
and environments, and transcription. We leveraged multimodal
datasets from the Human Connectome Project (HCP), includ-
ing the HCP-Young Adult (HCP-YA) and HCP-Development
(HCP-D) cohorts, focusing on self-identified African American
(AA) and white American (WA) participants. Specifically, we
first utilized the advanced multisession hierarchical Bayesian
model (MS-HBM) to delineate the individual-specific func-
tional topography and functional connectome architecture. We
then used brain-based predictive modeling and linear regres-
sion to demonstrate that ethnicity/race is associated with inter-
individual variability in resting-state functional connectivity
(RSFC) and brain morphological networks. Second, we revealed
shared predictive network features across ethnicity/race and
various lifestyle variables. We also demonstrated that the func-
tional connectivity correlates of ethnicity/race are partially
mediated by lifestyle factors. Finally, by aligning gene expression
patterns with functional connectivity features, we revealed tran-
scriptional mechanisms underlying ethnicity/race variations in
brain functional organization. Taken together, our work adheres
to the latest theoretical framework for neuroimaging research
related to ethnicity/race [16] and provides an integrative frame-
work for understanding how structural, lifestyle, and molecular
factors converge to shape population-level variability in brain
function.
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Results

We employed 2 independent large-scale datasets, the HCP-YA
and HCP-D datasets, and focused on AA and WA participants.
Quality control process followed a previous study [39], and
detailed information was provided in Supplementary Methods.
Afterward, 101 AA participants and 721 WA participants from
the HCP-YA dataset (N = 822; age, 22 to 37 years; 435 females)
and 68 AA participants and 404 WA participants from the
HCP-D dataset (N = 472; age, 6 to 21 years; 253 females) were
included for subsequent analyses (Table S1). Ethnic/racial
groups were categorized based on self-reported information.

Ethnicity/race-related variability in brain functional

topography and connectome

The gradient-infused MS-HBM (gMS-HBM), which has been
shown to capture the functional organization of individuals pre-
cisely, was adopted to generate individual-specific cortical parcel-
lations [40]. In the gMS-HBM framework, each cortical region
is assumed to exhibit a unique RSFC pattern, and a unified
statistical framework is established, which accounts for inter-
individual RSFC variability, intra-individual RSFC variability, and
spatial constraints (i.e., encouraging adjacent brain locations with
slight changes in RSFC to be assigned the same label) to delineate
individualized boundaries under the guidance of group-level
parcellation (Schaefer400) [41]. While previous research has
characterized individual variability at the level of network topol-
ogy [42,43], the gMS-HBM offers a deeper level of insight by
identifying the fundamental functional units that form these
networks within each individual. Resting-state functional mag-
netic resonance imaging (rs-fMRI) data from all valid sessions
of each participant were entered as inputs of gMS-HBM.

To investigate group-level differences in functional topogra-
phy, we randomly selected 40 AA and 40 WA demographically
matched individuals. Using their individual-level parcellations
derived from the gMS-HBM, we obtained group-level 400-region
parcellation maps (i.e., AA400 and WA400) via a maximum
probability fusion approach [44] (Fig. S1). Similarity analyses,
quantified with the Dice coefficient, revealed that parcellation
maps from the same ethnicity/race group across different data-
sets exhibited the highest similarity (Fig. S1; e.g., AA400 from
the HCP-YA dataset compared with AA400 from the HCP-D
dataset: 0.844). By contrast, parcellation maps spanning both
datasets and ethnicity/race groups exhibited the greatest spatial
distinctions (e.g., AA400 from the HCP-YA dataset compared
with WA400 from the HCP-D dataset: 0.784). We then assessed
the influence of ethnicity/race on individual-level functional
topography. Specifically, the similarity of individual-specific
parcellation maps between all AA-WA pairs (101 X 721 in the
HCP-YA dataset and 68 x 404 in the HCP-D dataset) was cal-
culated and averaged. We observed a nonuniform distribution
of variability along the cortex, with the greatest variability in
heteromodal association cortices (Fig. 1A and Fig. S1; e.g., con-
trol and dorsal attention networks) and the highest similarity in
unimodal sensorimotor cortices (especially in the somatomotor
and auditory networks).

The individualized parcellations and group-level Schaefer400
parcellations were then applied to rs-fMRI data to generate
RSFC matrices (400 X 400) for each participant separately. For
each dataset, AA participants were randomly split into 5 folds,
with family structure accounted for, and Hungarian matching
was employed to select AA-WA pairs matched on age, sex, and
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Fig. 1. Functional topography and functional connectivity are associated with ethnicity/race. (A) The average similarity of individual-specific parcellations across all the
AA-WA pairs revealed that ethnicity/race-related topographic variability was greatest in heteromodal association cortices and lowest in the unimodal sensorimotor cortices.
Brain maps were generated using the Schaefer400 parcellations [41] and visualized with the R package ggseg [115]. (B) Kernel ridge regression (KRR) models were trained
using resting-state functional connectivity (RSFC) while controlling for age, sex, root-mean-square framewise displacement (RMS), intracranial volume (ICV), education, and
income to predict individuals’ self-reported ethnicity/race. Haufe-transformed regional pairwise feature weights were averaged to the network level based on the Yeo networks.
Connections between default and attention networks, as well as within default networks and sensorimotor networks, contributed most to the prediction in both datasets. For
visualization, actual values were subjected to Z score standardization. (C) Haufe-transformed weights of each brain region were averaged to generate ethnicity/race-predictive
weight maps. (D) RSFC-based ethnicity/race prediction was performed in both the discovery HCP-YA dataset and the replication HCP-D dataset. Predictive weights were
highly reproducible across the 2 independent datasets (r = 0.73, P, < 0.001, 2-sided). (E) Ethnicity/race-predictive weight distributions were significantly correlated with

the S—A axis ranks (r = 0.82, Py, < 0.001, 2-sided).

root-mean-square framewise displacement (RMS) [39]. To
minimize sensitivity to particular data split, the above steps were
repeated multiple times until 40 distinct AA splits with matched
WA splits emerged. Multivariate kernel ridge regression (KRR)
was employed to distinguish between AA and WA individuals,
with RSFC matrices as predictors and age, sex, RMS, intracra-
nial volume (ICV), education, and income as covariates [39,45].
Specifically, nested 5-fold cross validation was performed, with
all the training folds used to optimize the regularization param-
eter and the remaining test fold to evaluate model generaliz-
ability on unseen data. Classification accuracy was averaged
across folds for each split, and the entire 5-fold cross-validation
procedure was repeated 40 times to ensure robust performance
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estimates (Fig. S3). In the HCP-YA dataset, our multivariate
approach achieved high classification performance, with an
accuracy of 85.3% = 2.3% (mean =+ SD) using individual-specific
parcellations and 77.9% =+ 2.6% using Schaefer400 parcella-
tions, both significantly exceeding chance levels (both P <
0.001). In the HCP-D dataset, model performance decreased
slightly but remained significantly above chance (both P <
0.001), with accuracies of 81.7% =+ 5.0% for individual-specific
parcellations and 62.5% =+ 5.1% for Schaefer400 parcellations.
These results emphasize the importance of treating individual-
specific topographic features as phenotypes and highlight the
robust ethnicity/race-related variability in functional topogra-
phy and functional connectivity patterns.
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To interpret the network features learned by the model, the
regression models were inverted using Haufe’s transform, yield-
ing prediction feature matrices [46]. Figure 1B and Fig. $4 show
the averaged pairwise region-level feature weights at the net-
work level, indicating that ethnicity/race-associated functional
connections constitute a distributed set of large-scale network
circuits. The most prominent links were observed between the
default and attentional networks, within the default networks,
and within the sensorimotor networks for both datasets.
Moreover, to quantify regional contributions, average feature
weights of cortical regions were calculated (Fig. 1C and Fig.
S4). We found that discriminating features derived from the
HCP-YA and HCP-D datasets exhibited high generalizability
and significant spatial correlations (Fig. 1D; r = 0.73, P, <
0.001). Across both datasets, contribution weights followed a
hierarchical distribution across the cortex, with opposite con-
tributions between heteromodal cortices and unimodal cortices.
This hierarchical layout, reflecting diverse neurobiological proper-
ties, corresponds to the well-established cortical sensorimotor—
association (S-A) axis [47]. Using spatial permutation testing,
we confirmed that the contribution of cortical regions to eth-
nicity/race prediction was aligned with the S-A axis (Fig. 1E;
r=0.82, P;, < 0.001). Importantly, control analyses using 2
alternative lower-resolution parcellations (individual-specific
100- and 200-region cortical parcellations) showed highly simi-
lar predictive patterns (Fig. S5).

Ethnicity/race-related variability in brain functional
connectome is constrained by the fundamental

properties of brain organization

The spatial and physical patterns of brain anatomy are known
to constrain neural dynamics [13]. Thus, we next examined
whether ethnicity/race-related variability in functional connec-
tivity could be explained by the corresponding variability in
cortical morphology. To this end, we constructed an MSN for
each individual, which integrates multiple structural MRI fea-
tures (Z scores) into a biologically meaningful and behaviorally
relevant connectome [15,48]. Correlation weights were averaged
across rows and within groups to generate group-level regional
MOSN values (Fig. 2A). To assess ethnicity/race-related variability
in brain morphology, linear regression models (LRMs) were
applied while controlling for age, sex, RMS, ICV, education level,
income, age X sex, and education x income [39]. We observed
significant ethnicity/race-related variations in morphometric
similarity patterns across the cortex (Fig. 2B and Fig. S6; mean
partial R*> = 0.03), especially in the insula, prefrontal cortex,
cuneus, and lateral occipital cortex. Importantly, this variability
was highly reproducible across datasets (Fig. 2C; r=0.59, P, <
0.001). Moreover, the MSN ¢-map was positively associated with
the RSFC-based ethnicity/race predictive weights (Fig. 2D; r =
0.41, P, = 0.012), indicating that brain regions contributing
more to RSFC-based predictions also exhibited greater ethnicity/
race-related variability in cortical morphology.

Beyond the MSN, we considered other fundamental proper-
ties of brain organization. Intracortical myelination, a micro-
structural marker of neuronal fibers that influences processing
efficiency in the nervous system [49,50], was estimated from
the ratio of T1-weighted to T2-weighted images, where higher
values reflect greater myelination. Across the cortex, predictive
weight maps were inversely related to the cortical myelin con-
tent (Fig. S7; r = —0.57, P,;, < 0.001). Together, these results

spin
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demonstrate that ethnicity/race-related variability in brain
functional connectivity is tightly linked to fundamental struc-
tural properties of brain organization.

Lifestyle influences ethnicity/race-related variability

in brain functional connectome

Lifestyle factors, including education, income, alcohol consump-
tion, smoking, sleep, physical activity, and social connection,
have been shown to influence brain structure and function
[51-55]. Having revealed the ethnicity/race-related variability in
RSFC architecture, we next sought to investigate the role of these
lifestyle factors in explaining this variability [56]. Specifically, our
goal was to identify the shared brain-network features that are
associated with both ethnicity/race and various lifestyle factors.
We selected 6 lifestyle factors (i.e., education, income, substance
use, sleep, physical activity, and social relationships; Table S2)
from the HCP-YA dataset, and we did not conduct the subse-
quent analysis for the HCP-D dataset as the majority of lifestyle
data were only available for a subset of participants (e.g., those
under age 17), which would substantially reduce the AA sample
size. We found that several lifestyle factors were significantly
associated with ethnicity/race categories in the HCP-YA dataset:
education (r=—0.15, P < 0.001), income (r = —0.23, P < 0.001),
substance use (r = —0.08, P < 0.05), sleep (r = 0.11, P < 0.01),
physical activity (r = —0.18, P < 0.001), and social relationships
(r=—0.08, P < 0.05).

Furthermore, all the HCP-YA participants were randomly
split into 5 folds, with the constraint that participants from the
same family were kept together in the same fold. To mini-
mize sensitivity to any particular data split, this procedure was
repeated 40 times. Using KRR models, we showed that all these
factors could be predicted significantly above chance from RSFC
matrices, with prediction accuracies of 0.18 & 0.02 for education,
0.10 +0.02 for income, 0.19 =+ 0.02 for substance use, 0.08 + 0.03
for physical activity, 0.06 + 0.02 for sleep, and 0.06 + 0.02 for
social relationships (Fig. 3A; Pearsons coefhicient was employed
as a prediction performance metric). Moreover, we examined
the similarity of Haufe-transformed predictive network features
underlying ethnicity/race and each lifestyle factor. Strong cor-
relations were observed for education (r = —0.61, P < 0.001),
income (r = —0.70, P < 0.001), substance use (r = —0.26, P <
0.001), physical activity (r = —0.50, P < 0.001), and sleep (r =
0.48, P < 0.001), but not for social relationships (Fig. 3B; r =
0.06). Predictive network feature matrices for all the lifestyle fac-
tors are shown in Fig. S8. Finally, by leveraging data capturing
the impacts of neighborhood-level socioeconomic environments
on intrinsic brain activity reported by Sydnor et al. [47], we dem-
onstrated that the observed ethnicity/race-related variability
aligns with brain-environment associations across the cortical
mantle (Fig. 3C; r =0.57, P, <0.001in the HCP-YA dataset;
r=041, P, =0.002 in the HCP-D dataset), suggesting ethnicity/
race-by-environment interaction effects that shape brain func-
tional organization.

Next, we fitted a structural equation model (SEM) for each
lifestyle factor to analyze the relationships among ethnicity/
race group, lifestyle, and brain functional organization (repre-
sented by the principal functional gradient) while controlling
for age, sex, RMS, and ICV (Fig. 3D). The principal functional
gradient captures the dominant patterns of cortical variability
in RSFC, explaining approximately 23.4% of the total vari-
ance (Fig. S9). Validation analyses confirmed that this gradient
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Fig. 2. Ethnicity/race-related variability in functional connectivity profiles aligns with ethnicity/race-related variations in cortical morphometry. (A) The cortical distribution
of mean regional morphometric similarity network (MSN) values was examined, reflecting inter-regional similarity across multiple MRI-derived morphometric features (i.e.,
cortical thickness, gray matter volume, surface area, Gaussian curvature, and mean curvature). Brain maps were generated using the Schaefer400 parcellations [41] and
visualized with the R package ggseg [115]. (B) Comparison (t-map) of regional MSNs across ethnic/racial groups was performed. Linear regression models (LRMs) were
fitted to estimate the ethnicity/race-related variations in the MSN, controlling for age, sex, RMS, ICV, education, income, age x sex, and education x income. False discovery
rate (FDR) correction with P < 0.05 for multiple comparisons across 400 regions identified significant ethnicity/race-related effects on cortical morphometry. (C) The t-map
for regional MSN differences was highly reproducible across the 2 datasets (r = 0.59, Py, < 0.001, 2-sided). (D) Ethnicity/race-related variability in cortical morphometric
similarity accounted for parts of the variance in ethnicity/race-relevant variability in functional connectivity profiles (r = 0.41, Py, = 0.012, 2-sided).

preserves substantial inter-individual information (Fig. S10;
r = 0.65), retains the majority of ethnicity/race-related predic-
tive information (Fig. S11), and offers a robust low-dimensional
representation of brain functional organization (Fig. S12) [57].
The regression coefficients in the converged SEM suggested
that ethnicity/race category was a significant predictor for edu-
cation (ff = —0.353, Pypg < 0.01), substance use (f = —0.365,
Prpr <0.001), and income (ff = —0.575, Pgpr < 0.001). In turn,
education (f = 0.080, Pppg = 0.020), substance use (= 0.072,
Prpr < 0.001), and income (ff = 0.080, Prpy = 0.013) were sig-
nificant predictors for brain function, indexed by the first prin-
cipal gradient of the RSFC profiles. Mediation analyses further
revealed that education and substance use significantly medi-
ated the associations between ethnicity/race category and brain
function (Fig. 3B; 95% CI [-0.065, —0.005] and [—0.047,
—0.014], respectively). No other mediation effects remained
consistently significant across both the main and sensitivity
analyses (Fig. S12).

Given the mediating roles of education and substance use,
we further investigated how their interactions with ethnicity/
race influence brain functional organization across the cortical
mantle using LRMs (Fig. 3E). We found that the cortical regions
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significantly modulated by the ethnicity/race-education and
ethnicity/race-income interactions exhibited substantial spatial
overlap, primarily involving the insula and opercular cortex,
inferior parietal lobule, inferior frontal cortex, dorsolateral pre-
frontal cortex, lateral temporal cortex, and anterior cingulate
cortex. Additionally, cortical regions significantly influenced by
ethnicity/race-substance use interactions were predominantly
located in the posterior insula, posterior cingulate cortex, supe-
rior parietal lobule, and prefrontal cortex.

Cortical gene expression related to
ethnicity/race-induced variability in

brain functional connectome

After demonstrating the influence of lifestyle factors on ethnicity/
race-related variability in RSFC profiles, we next aimed to iden-
tify the transcriptional signatures associated with this variability.
Brain-wide gene expression data were obtained from the AHBA
(http://human.brain-map.org) [58,59] and mapped into 400
region-level parcellations (400 regions X 9,110 genes) derived
from the original 3,702 distinct microarray samples. Using par-
tial least squares (PLS) regression [60], an advanced approach
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Fig. 3. Lifestyle factors mediate the associations between ethnicity/race and brain functional connectivity. (A) Mean prediction accuracies for lifestyle factors. Asterisks
indicate above-chance predictions (P, < 0.001), determined by comparing true accuracy with 1,000 permuted null models. Violin plots display accuracy distributions
across 40 replications. For each violin plot, width represents the density of the accuracy values, and the central box shows the interquartile range and median. (B) Correlations
of predictive feature matrices between ethnicity/race and lifestyle factors, indicating shared brain-network features underlying both ethnicity/race and lifestyle predictions.
(C) Functional connectivity-based ethnicity/race predictive features were significantly associated with effects of neighborhood socioeconomic conditions on the intrinsic
brain activity (HCP-YA dataset: r = 0.57, P, < 0.001; HCP-D dataset: r = 0.41, P, = 0.002; 2-sided). (D) A structural equation model was fitted for each lifestyle factor,
thereby revealing the relationships between ethnicity/race, lifestyle, and brain functional organization while controlling for age, sex, RMS, and ICV. Edges represent regression
coefficients (5 values), with thickness proportional to their absolute magnitude. Significant links (Pgpg < 0.05) are shown as solid lines; nonsignificant links as dashed lines.
Mediation analysis revealed that education and substance use significantly mediated the relationship between ethnicity/race and brain functional organization (95% bootstrap
Cldid not include 0). (E) Threshold g-maps from LRMs, showing statistically significant (Ppg < 0.05) ethnicity/race-education, ethnicity/race-substance use, and ethnicity/
race-income interaction effects on the brain functional organization.

for uncovering fundamental relationships between 2 high-
dimensional matrices, we identified weighted cortical gene
expression patterns that aligned with the spatial distribution of
ethnicity/race predictive features. The first component (PLS1),
which explained the largest proportion of variance, accounted
for 38.3% (P, < 0.001) of the response variance in the HCP-YA
dataset and 20.5% (P, < 0.001) in the HCP-D dataset.
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We found that the PLS1-weighted maps revealed an anterior-
to-posterior hierarchy pattern along the cortex, which was
remarkably consistent across the 2 datasets (r = 0.99, P, <
0.001). Importantly, these spatial patterns remained highly stable
across different data processing choices, including alternative
intensity-based filtering thresholds (0.3, 0.5, and 0.7; Fig. S13)
and multiple differential-stability (DS) thresholds (0, 0.1, and
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0.2; Fig. S14). Moreover, PLS1 gene expression weights were
strongly correlated with the ethnicity/race predictive weights
(Fig. 4A; r = 0.62, P, < 0.001), suggesting that genes with
higher positive (or negative) weights on PLS1 tend to be

Weighted gene

Cc

overexpressed in regions showing corresponding positive (or
negative) ethnicity/race predictive weights. We then ranked the
genes based on normalized PLS1 weights and selected those with
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Fig. 4. Gene expression profiles associated with ethnicity/race-related variability in functional connectivity. (A) Weighted cortical gene expression map of the regional PLS1
scores (top panel). Scatterplot showing the relationship between the PLS1 map and the Haufe-transformed predictive weight map (bottom panel, r = 0.62, Py, < 0.001,
2-sided). Brain maps were generated using the Schaefer400 parcellations [41] and visualized with the R package ggseg [115]. (B) Genes were ranked on the basis of their
loadings on PLS1, and the complete PLS1 gene list is available in Data S1. (C) The PLS1 genes overlapped with ancestry-associated differentially expressed genes (DEGs)
reported by Benjamin etal. [34]. (D) Representative enriched terms of the PLS1* genes, highlighting GO biological processes related to synaptic signaling, as well as Reactome
gene sets associated with the nervous system. Circle size denotes the number of genes within a given ontology term, and multi-test FDR-adjusted P values are plotted as
log;o-transformed values. (E) Metascape network plot of enriched terms, capturing intra-cluster and inter-cluster similarity relationships. Each term is represented by a circle,
colored by cluster identity and scaled proportional to the number of genes involved.
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(denoted as the PLS™ gene sets) for subsequent analyses (Fig. 4B
and Fig. S15).

We next conducted an external validation by comparing our
PLS1 gene set with the genetic ancestry-associated DEGs identi-
fied from RNA sequencing data of postmortem brain tissue
[34]. Among the 1,701 DEGs, only 465 (~27.3%) overlapped
with the PLS1 genes in the HCP-YA dataset (Fig. 4C). Given
that ancestry-related gene expression is primarily driven by
genetic variations (explaining ~60% of the changes) rather than
the environments (~15%) [34], this limited overlap between the
MRI-derived PLS1 genes and ancestry DEGs suggests that the
transcriptional changes associated with self-reported ethnicity/
race are largely distinct from those driven by genetic ancestry.
One plausible explanation for this distinction is that the MRI-
derived PLS1 gene signature is more strongly associated with
environmental and lifestyle factors. Delving into the overlap-
ping genes, ARHGAP28, which encodes the Rho guanosine
triphosphatase (GTPase)-activating protein [61,62], exhibited
the strongest positive correlation with ethnicity/race predictive
weights (Fig. 4C; r = 0.59, P,,;, < 0.001). In contrast, MICB,
which encodes ligands for the natural killer cell-activating
receptor NKG2D [63], exhibited the strongest negative correla-
tion (Fig. 4C; r = —0.64, P, < 0.001).

To further interpret the PLS1™ and PLS1* gene sets, we con-
ducted gene enrichment analysis to characterize the enriched
biological functions and pathways using Metascape [64]. After
employing Benjamini-Hochberg correction for multiple hypoth-
esis testing and discarding discrete enriched clusters, the
remaining significantly enriched terms of the PLS1* genes were
rendered into a network (Fig. 4D and E and Fig. S15), including
gene ontology (GO) biological processes, such as “Regulation
of trans-synaptic signaling” and “Synapse organization’, as well
as Reactome gene sets, such as “Neuronal system”, “Nervous
system development”, “Metabolism of amino acids and deriva-
tives’, and “Signaling by GPCR”. The PLS1™ genes were enriched
for GO biological processes, such as “Metal ion transport” and
“mRNA metabolic process’, as well as Reactome pathways,
including “Neuronal system” and “Transport of small mole-
cules” (Tables S3 to S10). Collectively, these results highlight
the distinct functional roles of genes with positive versus nega-
tive weights on PLSI.

Discussion

In this study, we presented a multi-layered framework for under-
standing ethnicity/race-related variability in brain functional
organization. Using multimodal datasets and precision individu-
alized parcellation, we showed that hierarchical connectivity pat-
terns from sensorimotor to association cortices predict ethnicity/
race and align with structural variations across populations.
Furthermore, we observed that the shared brain-network features
served as predictors for both ethnicity/race and various lifestyle
factors, with education and substance use substantially mediat-
ing the associations between ethnicity/race and brain con-
nectivity. We also characterized the transcriptomic architectures
underlying the observed ethnicity/race-related variability, thereby
bridging the gap between macroscale functional connectomic
diversity and microscale molecular signatures. Notably, the repro-
ducibility across 2 large cohorts underscores the robustness of
our findings and echoes recent calls for reproducible neurosci-
ence research. Overall, our study integrates structural, behavioral,
and molecular dimensions to provide a comprehensive biological
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perspective on population diversity and contributes to a more
generalizable and equitable neuroscience.

Both the spatial configuration of functional regions and the
coupling strength between regions are important drivers of vari-
ability in functional organization, which is closely linked to
non-imaging measures of behavioral and lifestyle measures
[65]. Here, we observed that both functional topography and
connectivity are associated with individuals’ ethnicity/race.
First, spatial variation in functional topography across ethnic-
ity/race groups was greater in heteromodal association cortices
than in unimodal sensorimotor cortices. This finding extends
previous findings showing that association networks exhibit the
greatest variations in functional topography across age windows
[66], sex [67], and cultural populations [12]. Second, multivari-
ate patterns of brain-ethnicity/race associations were inversely
driven by the connectivity profiles of higher-order association
regions versus modality-specific regions, indicating that ethnic-
ity/race-related sociodemographic factors exert widespread and
opposite effects on the 2 poles of the S-A axis [47]. Additionally,
ethnicity/race-related differences in functional connectivity
profiles were closely aligned with variations in morphometric
similarity across groups. This suggests that functional connec-
tivity differences associated with ethnicity/race are constrained
by brain morphology, conforming with the well-established
concept of cortical structural constraints on intrinsic neuronal
activity [13,68]. These findings further support the homophilic
principle of brain organization, which posits that brain regions
with similar functional characteristics are more likely to share
similarities across multiple biological domains and to be con-
nected via white matter tracts [69].

Given the multidimensional properties of ethnicity/race, a
comprehensive perspective is needed to link ethnic/racial diver-
sity with the hierarchical functional organization of the brain
[39]. Recent compelling evidence demonstrates that children’s
neighborhood environments exert opposing effects on the fluc-
tuation amplitude of intrinsic activity within the sensorimotor
and association cortices [47]. Socioeconomically disadvantageous
environments diminish the differentiation of the S-A hierarchy
[47]. In this study, we demonstrated that these environmental
effects are spatially aligned with ethnicity/race-related variability,
suggesting an overlap between ethnicity/race and various socio-
environmental factors. Moreover, it is well-established that envi-
ronmental and lifestyle factors can shape both brain structure
and function [53,54,70]. Building on this, our findings reveal that
shared functional network features underlie both lifestyle factors
and ethnicity/race. Specifically, connections between the control
and somatomotor networks, between the default and ventral
attention networks, and within the somatomotor network were
strongly associated with both education level and ethnicity/race.
In addition, connections within the default networks, between
the default and dorsal attention networks, and between the
default and ventral attention networks were robustly predictive
for both the substance use experience and ethnicity/race. Indeed,
behavior prediction models may capture broad behavior dimen-
sions within a given behavioral domain rather than the specific
traits they are trained on, such as the g factor in the case of cogni-
tion and the p factor in the case of mental health [45]. Thus, the
observed similarity of predictive network features suggests that
the ethnicity/race variable and lifestyle factors may be supported
by shared underlying meta-factors [71].

Moreover, we found that lifestyle factors—particularly educa-
tion and substance use—significantly mediated the associations
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between functional connectivity profiles and ethnicity/race.
This is particularly relevant as prior studies have shown that
educational attainment and rates of substance use (especially
marijuana and alcohol) differ across ethnic/racial populations
[17,72-74]. The principal functional gradient of regions located
in the insula and prefrontal cortex was significantly influenced
by the interactions between ethnicity/race and education, as well
as by the interactions between ethnicity/race and substance use.
These regions serve as crucial control hubs of top-down infor-
mation processing [75] and overlap with circuits implicated
in emotional regulation and threat responses [76,77]. More-
over, both education and substance use are important compo-
nents in pathways linking the environment and health status
[54,78]. Educational background is often linked to cognitive
reserves [79]. Higher levels of education may enhance brains
flexibility and adaptability during task processing and decision-
making [80,81], and protect neurogenerative risks [82,83] in later
life. Excessive substance use alters the neurobiology of reward
processing, control dynamics, and emotion regulation [84-86]
and is associated with psychiatric conditions, particularly depres-
sion symptoms, and reduced quality of life [87-90]. Together,
our findings provide insights into how ethnicity/race-related
social constructs are biologically embedded in the brain and sug-
gest that fully accounting for socioenvironmental disadvantages
of specific populations is essential for interpreting neuroimaging-
derived differences across populations and for developing more
generalizable interventions. Although the lifestyle factors ana-
lyzed here were relatively coarse, they significantly mediated the
observed ethnicity/race-related variability, underscoring the
need for future work to incorporate more comprehensive mea-
sures of lifestyle (e.g., access to healthcare) and neighborhood-
level environment (e.g., population density or percentage of
residents living in poverty) to more fully elucidate ethnicity/
race-related variability in brain organization and brain-behavior
relationships and to promote equitable translation of neurosci-
ence findings. Finally, although we modeled lifestyle and tran-
scriptomics, “nature and nurture can hardly be disentangled”
completely in our cross-sectional study. Therefore, the identified
associations should be interpreted not as inherent biological
divergences but as the neurobiological embedding of specific
sociocultural experiences.

After linking functional network properties to transcriptomic
data, we identified a set of genes (PLS1) whose weighted cortical
expression patterns were significantly correlated with ethnicity/
race-related variability in functional connectivity. The PLS1 gene
expression map revealed high expression in the primary visual,
anterior cingulate, and insular cortex, following the global cortical
hierarchy of the brain. Gene-to-function annotation analysis
revealed that these genes formed a topologically clustered net-
work enriched for several GO biological processes and Reactome
pathways in both the HCP-YA and HCP-D cohorts. The identi-
fied GO terms were primarily related to synaptic organization
and the regulation of trans-synaptic signaling, which underpin
inter-neuronal communication and information processing in
the nervous system [91]. Mechanistically, variations in these
synaptic-related processes may modulate the efficacy of neuro-
transmission and the excitation-inhibition balance within local
circuits, which are fundamental for maintaining the integrity of
large-scale functional circuits [92,93]. Moreover, this enrichment
is consistent with prior reports of population differences in gene
expression associated with axon guidance and synaptic signaling
pathways [35]. The identified Reactome pathways included the
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neuronal system and its development, which encompass neuronal
progenitor cell proliferation, migration, differentiation, synapto-
genesis, and synaptic pruning—all fundamental for establishing
a mature and integrated neural system [94-96]. Importantly,
many of these neurodevelopment-related pathways are influ-
enced by environmental and lifestyle factors, such as socioeco-
nomic status [97], alcohol consumption [98], early-life stress [99],
and physical activity [100,101]. Thus, these identified molecular
architectures may serve as the biological interface where cumula-
tive environmental experiences associated with ethnicity/race
(e.g., chronic stress) are integrated into the brains functional
architecture. Collectively, these findings bridge the critical gap
between ethnicity/race-related variability in brain functional
organization and the underlying transcriptional programs. By
delineating these molecular mechanisms, we demonstrate that
population-related differences in functional organization are sup-
ported by specific neurodevelopmental and synaptic molecular
signatures. This highlights brain functional topography and con-
nectivity as important intermediate phenotypes that link molecu-
lar variation to macroscale diversity, offering a mechanistic
framework for understanding the neurobiological context of
behavioral variability and potential health disparities.

Several limitations of the current study should be considered
when interpreting our findings. First, the generalizability of
our findings is constrained by the nature of the datasets used.
Our population sample was limited to self-identified WA and
AA participants from the United States. Ethnicity/race is a
social construct deeply embedded in specific cultural and his-
torical contexts, reflecting systemic disparities in public sector
investment, healthcare access, and socioeconomic status that
are unique to specific nations [16,102]. This makes it challeng-
ing to generalize our conclusions across the full spectrum of
ethnicity/race populations. Future work needs to validate these
mechanisms in global diverse populations to avoid essential-
izing group differences and to better understand the complex
interplay between structural inequality and brain organization
[102]. Second, by using 2 independent cross-sectional cohorts
(HCP-YA and HCP-D) that differ in scanner protocols, we were
unable to explicitly model developmental trajectories of ethnic-
ity/race-related differences. Longitudinal datasets, such as the
Adolescent Brain Cognitive Development (ABCD) study, are
needed to investigate how these brain-wide associations evolve
across developmental stages. Third, the transcriptome-neuro-
imaging associations are limited by the small, demographically
skewed sample (a sample of 6 donors—1 Hispanic, 2 AA, 3
Caucasian—only 2 of whom provided data for the right hemi-
sphere) of the AHBA gene expression dataset. Future work
should move toward integrating individual-level genetic data
with more comprehensive, longitudinal characterizations of
lifestyle and environmental exposures. Finally, regarding meth-
odology, while our correlation-based brain morphology net-
work and KRR approaches are robust and widely validated, future
studies could benefit from employing more advanced divergence-
based approaches, such as Morphometric INverse Divergence
(MIND), to delineate individualized connectomes of brain mor-
phology [103,104], and using nonlinear representation learning
models to characterize complex brain-behavior relationships
[105,106]. These methods may provide complementary and
deeper insights into the population-level and inter-individual
variability in the human brain, further advancing the field.

Despite these limitations, our study provides a multi-layered
perspective for understanding ethnicity/race-related influences
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on brain functional organization by weaving evidence from
structural constraints, lifestyle factors, and transcriptomic sig-
natures. By integrating these dimensions, we move beyond
simplistic explanations of population-level brain differences
and highlight the multidimensional nature of ethnicity/race.
Ultimately, our findings advocate for a fundamental shift in
perspective: from treating ethnicity/race as a simple causal vari-
able to conceptualizing it as a complex construct whose effects
on the brain are deeply entangled with a confluence of biologi-
cal and environmental influences.

Methods

Datasets

This study utilized 2 publicly available datasets from the HCP:
the HCP-YA and HCP-D datasets. The HCP-YA participants
(N = 822; age: 22 to 37 years) were part of the HCP $1200
release [107] and matched the HCP subset used by Li et al. [39].
Rs-fMRI data were acquired during 2 sessions using a multi-
band sequence (voxel dimension: 2.0 mm isotropic; repetition
time: 0.72 s) on a customized Siemens 3-T Skyra at Washington
University in St. Louis. Each session comprised 2 runs with
opposite phase-encoding directions, and the duration of each
run was approximately 14.4 min. Structural images were
acquired for each participant with a resolution of 0.7 mm iso-
tropic. Family structures and self-reported ethnicity/race infor-
mation were carefully considered in subsequent processing.
HCP-D participants (N = 472; age: 5 to 21 years) were obtained
from the lifespan HCP release 2.0 [108]. For participants 8 years
and older, rs-fMRI data were acquired during 2 sessions using
a multiband sequence (voxel dimension: 2.0 mm isotropic;
repetition time: 0.80 s) on a 3-T Siemens Prisma scanner. Each
session encompassed 2 runs with opposite phase-encoding
directions, and the duration of each run was approximately
6.5 min. For the youngest participants (5 to 7 years), the total
duration of rs-fMRI scanning was reduced to 21 min. Informed
consent was obtained from all participants aged 18 and older;
for participants younger than 18, informed permission was
provided by their parents. Both the HCP-YA and HCP-D data-
sets were approved by the Institutional Review Board (IRB) at
Washington University in St. Louis. Additional details of the
data collection process and behavioral measures can be found
elsewhere. All procedures in this study were conducted follow-
ing the applicable guidelines and regulations, with approval
from the IRB at the Beijing Institute of Technology.

Image acquisition and processing

ICA-FIX denoised rs-fMRI data, which had undergone the mini-
mal preprocessing steps of the HCP, were employed [109]. To
improve the behavioral prediction performance, additional motion
censoring and global signal regression were performed following
the procedure described by Li et al. [39]. Specifically, volumes with
an RMS exceeding 0.2 mm were marked as censored frames.
Frames immediately preceding and the 2 frames following these
volumes, as well as any previously uncensored segments shorter
than 5 volumes, were also marked as censored frames. Rs-fMRI
runs were discarded if more than half of the frames were marked
as censored. Next, the signal of the remaining uncensored frames
was averaged across the cortical vertices to generate the global
signal. The global signal and its first temporal derivative were
regressed out from the original time courses.
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Defining individual-specific cortical parcellations

and the functional connectome

The gMS-HBM approach was employed to define individual-
specific cortical parcellations for each participant (https://github.
com/ThomasYeoLab/CBIG/tree/master/stable_projects/brain_
parcellation/Kong2022_ArealMSHBM) [40]. The steps of the
gMS-HBM approach are as follows: (a) The Connectome
Workbench (https://github.com/Washington-University/work-
bench) is used to compute each individual’s diffusion embedding
matrices for gradients; (b) connectivity profiles for each seed
region, initialization parameters, and a probability spatial mask
are generated; (c) group-level priors are estimated for each eth-
nicity/race group on the basis of the Schaefer400 parcellations
[41] and 40 independent participants; and (d) Bayesian model
estimation is performed for the generation of individual-level
parcellations. The mathematical details of the gMS-HBM
approach are described elsewhere [40]. Both individualized and
Schaefer400 parcellations were then used to compute the RSFC
matrices. The vertex-wise time series, excluding the censored
frames, were averaged across all the regions of interest (ROIs).
For each run, the RSFC matrix was obtained across 400 regions
using Pearson’s correlation analysis. The RSFC matrices were
then Fisher z-transformed and averaged across runs, yielding 2
final 400 X 400 RSFC matrices for each participant.

Predictive modeling

Predictive modeling was based on the 5-fold cross-validation
scheme. For the ethnicity/race prediction, AA participants
within each of the HCP-YA and HCP-D datasets were randomly
split into 5 folds, and participants from the same family were
kept together in the same fold. Hungarian matching was then
applied to select demographically matched AA-WA pairs based
on age, sex, and RMS within each fold [39]. For the lifestyle
factor prediction, all HCP-YA participants were randomly split
into 5 folds, where the family structure was taken care of. To
ensure the generalizability of our findings, the entire data split-
ting and matching process for both tasks was repeated 40 times.

Following these data preparation steps, we applied nested
5-fold cross-validated KRR models to predict ethnicity/race and
various lifestyle factors separately. Our nested cross-validation
consisted of an outer 5-fold loop for evaluating generalizability
and an inner 5-fold loop, performed only within the outer-loop
training folds, for tuning the regularization parameter. For each
lifestyle factor, a composite score was generated before model
training. This was achieved by averaging all related measures
(Table S2) for each individual. KRR models perform the predic-
tion for test participants by leveraging the similarity of their
RSFC patterns to those of the training participants. Specifically,
the prediction for a given test participant was calculated as the
weighted average of the behavioral scores from all training par-
ticipants, where the weights were determined by the Pearson’s
correlation between the vectorized RSFC matrices of the test
participants and each training participant.

For each outer test fold, all steps involving parameter estima-
tion, including covariate regression and kernel construction,
were performed exclusively within the 4 training folds. All
parameters determined within the training folds were subse-
quently used to make predictions for participants in the held-out
test set. Within each outer-loop training set, an inner 5-fold
cross-validation was performed to identify the optimal /2 regu-
larization parameter (A) for the KRR model to reduce overfitting.
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The training set of the outer loop was further split into 5 inner
folds. For each candidate A, the model was trained on 4 inner
folds and validated on the remaining one. This process was
repeated across all inner folds, and the A that yielded the best
average inner-loop prediction performance was selected.

To mitigate potential sensitivity to data splitting variations,
the entire nested cross-validation process was repeated 40
times. Additionally, when variables other than education and
income were predicted, age, sex, RMS, ICV, education, and
income were included as covariates and regressed out from the
features. In contrast, when predicting education and income,
age, sex, RMS, and ICV were included as covariates and
regressed out from the RSFC features.

For the ethnicity/race prediction models, accuracy of each
test set was defined as the proportion of correctly predicted
samples to the total number of samples. For the lifestyle factor
prediction models, the accuracy of each test set was determined
using Pearson’s correlation between the predicted and actual
scores. The accuracy measures were averaged across all the folds
for each data split, yielding 40 final prediction accuracy values.
To rigorously assess whether the prediction performance was
statistically significant, a corresponding set of null models was
generated for each predictive model. Specifically, the output
variable was permuted 1,000 times. This shuftling procedure
effectively breaks the intrinsic link between brain and behavior,
thereby generating an empirical null distribution under the null
hypothesis of no association. For each permutation, a null
model was trained and tested following the same procedures
applied to the original model. The significance (P value) of each
model was defined as the proportion of null models whose
prediction accuracies exceed those of the true models.

Predictive feature weights

The Haufe transformation was used to interpret the brain-
behavior relationships learned by the prediction models [46].
Because the regression weights obtained from KRR reflect the
decoding solution optimized for prediction rather than the true
contribution of each feature, they cannot be directly inter-
preted. To illustrate the necessity of the Haufe transformation,
consider a hypothetical scenario where 2 functional connec-
tions, FCI and FC2, jointly produce perfect predictions [45].
Assume FCI = Y — noise and FC2 = noise, and the optimal
prediction model would be Y =1 x FCI + 1 X FC2, assigning
identical weights to both connections. Directly interpreting
these weights would incorrectly suggest that both connections
are equally related to the behavior. Haufe’s inversion resolves
this interpretability issue by transforming decoding weights
into activation patterns computed via the covariance between
each input feature and the predicted output. In the example
above, the covariance between FC2 and the predicted output
would approach zero, correctly reflecting that FC2 is unrelated
to the target behavior.

Specifically, for each training fold, Haufe-transformed fea-
ture weights were calculated as the covariance between the
demeaned RSFC features (RSFC,,,;,) and the output predicted
scores (y'.in)- The feature weight matrices were averaged across
the 40 splits to obtain the final importance measures (400 X
400), reflecting the contribution of each edge to the prediction.
We subsequently summarized the pairwise Haufe-transformed
weights to the network level (17 X 17). In addition, regional
importance was calculated by averaging these weights for each
of the 400 regions (400 X 1). In this study, we preserved the
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original positive and negative signs of the feature weights rather
than taking their absolute values [110].

Morphometric similarity analysis

The Scharfer400 parcellation was transformed into the T1w sur-
face space of each participant, and 5 morphometric features were
extracted from the participant’s T1w images for each region,
including cortical thickness, gray matter volume, surface area,
Gaussian curvature, and mean curvature [33]. For each partici-
pant, each morphometric feature was subjected to Z-normalization
across regions, and a feature vector (5 X 1) was created for each
region. Pearson’s correlation analysis was then employed to esti-
mate the morphometric similarity between cortical regions,
yielding a pairwise MSN (400 X 400) for each participant. The
full MSN matrices were then averaged across rows to generate a
regional MSN map.

To visualize the spatial pattern of the MSN across the cortex,
the regional MSN maps were averaged across participants
within each ethnicity/race group. To examine the ethnicity/
race-related variations in the MSN, an LRM was fitted for each
region. These models used the regional MSN value as the
response variable and included age, sex, RMS, ICV, education,
income, age x sex, and education x income as covariates.
Weights were applied to account for differences in group sizes,
with each participant assigned a weight equal to the reciprocal
of the size of their corresponding group. Two-sided t statistics
were extracted from the LRMs, and significance was deter-
mined at P < 0.05 with the application of Benjamini-Hochberg
false discovery rate (FDR) correction for multiple comparisons
across the 400 regions to control for type I errors.

Structural equation modeling

The lavaan package (version 0.6.18) in R was used to fit a SEM
for each lifestyle factor and estimate the regression coefficients
for each path while controlling for age, sex, RMS, and ICV
[53,54]. The complete model equations are provided in the
Supplementary Materials. The composite score for brain func-
tion was derived from the participants’ principal functional
gradient. In this study, we applied principal components analy-
sis (PCA) to the RSFC matrix of each participant for dimen-
sionality reduction, and the resulting first principal component
was identified as the principal functional gradient. The measure
for brain function was subsequently constructed by averaging
the Z-normalized gradient values of the top 15 cortical regions
that were most significantly correlated with each lifestyle factor
[53]. Before being entered into the model, we subjected the
RMS, ICV, and lifestyle factors to Z-normalization to avoid
scale effects and facilitate coeflicient comparisons across mod-
els. The P value for each path was calculated by dividing the
estimated parameter by its bootstrap standard error (SE). The
P values of all paths within each SEM were then subjected to
Benjamini-Hochberg FDR correction to account for multiple
comparisons. Significance of the mediation effects (a X b) was
assessed using 95% bias-corrected bootstrap confidence inter-
vals (CIs) based on 1,000 resamples; effects were considered
significant if the CI did not include zero.

Interaction effects modeling

To examine how the ethnicity/race-related variability in brain
functional connectivity is moderated by the socioeconomic
status and substance use status of participants, we fitted 3 LRMs

1


https://doi.org/10.34133/research.1143

Research

for each region. These models controlled for age, sex, RMS,
ICV, and age x sex and included an interaction term between
ethnicity/race and either education, income, or substance use
[111]. The response terms of these models were the regional
principal functional gradient value, defined as the principal
components derived from the RSFC matrix dimensionality
reduction using PCA. Moreover, 2-sided ¢ statistics for the
interaction terms were extracted from the LRMs, and signifi-
cance was determined at P < 0.05, with the application of
Benjamini-Hochberg FDR correction for multiple compari-
sons across 400 regions to prevent type I errors. The complete
model equations are provided in the Supplementary Materials.

Transcriptomic analysis

We utilized gene expression data from the AHBA dataset, derived
from 6 postmortem brains (age: 24 to 57 years; 1 female) and
comprising 3,702 spatially distinct samples. The preprocessing
steps were performed according to the approach of Markello
et al. [112]. These steps are as follows: (a) Probe-to-gene annota-
tions were first updated, followed by intensity-based filtering
with a threshold of 0.5 to select probes with the most consistent
patterns of regional variation across donors, after which probes
were aggregated to genes; (b) gene expression samples were
mapped to the Schaefer400 parcellation, in which a bidirectional
mirroring approach across the left and right hemispheres was
applied, and centroid-based imputation was employed to address
missing data; (c) the expression values of each sample were nor-
malized across the genes for each donor, and subsequently, the
expression values of each gene were normalized across all sam-
ples for each donor; and (d) the samples were aggregated across
donors to generate expression values for a given region. We
finally quantified the DS of each gene, defined as the consistency
of its gene expression pattern across donor brains, measured
using the Spearman’s rank correlation. We retained genes with
DS > 0.1, resulting in 9,110 genes for downstream analyses.

PLS regression was employed to relate the Haufe-transformed
ethnicity/race predictive weights to the transcriptomic measure-
ments of all 9,110 genes [33]. In the PLS model, Z-normalized
gene expression data served as the predictor variable, and
Z-normalized predictive weights served as the response variables.
PLS1 provides the optimal low-dimensional representation of
gene expression profiles that co-vary most strongly with ethnicity/
race-related variability in brain functional connectivity. The sta-
tistical significance of the variance explained by PLS1 was assessed
by spatially permuting the response variables 1,000 times. Finally,
bootstrapping was used to quantify the estimation errors for the
PLS1 weight of each gene. A Z score for each gene was then cal-
culated by dividing its weight by its bootstrap SE, enabling the
ranking of genes based on their PLS1 contributions.

In both the HCP-YA and HCP-D datasets, genes with Z > 5
and Z < —5 were identified as the PLS1" and PLS1™ gene sets,
respectively [33]. Each gene set was then submitted separately to
the Metascape website, an automated functional pathway enrich-
ment tool that provides biological insights for the given gene list,
using all Homo sapiens genes as the background gene set [64]. To
validate the enrichment results, the PLS genes from the HCP-YA
and HCP-D datasets were then entered into Metascape together
to conduct a multi-gene list meta-analysis. This approach facili-
tates the understanding of pathways that are shared across gene
lists or are unique to a specific gene list. All identified pathways
were considered significant at P < 0.05, corrected for multiple
comparisons by the Benjamini-Hochberg FDR. To ensure that
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the enrichment results were not driven by spatial dependencies
in brain gene expression, we further assessed the robustness of
all reported pathways using a spin-based ensemble null model
[113]. Specifically, we generated surrogate maps that preserve the
spatial autocorrelation structure of the predictive weight map,
and computed an empirical null distribution of enrichment scores
across these 1,000 spatial permutations.

Control analyses

We performed several additional control analyses to ensure
robustness of our results. First, we generated individual-specific
100- and 200-region cortical parcellations using gMS-HBM,
Schaefer100, and Schaefer200, and computed the corresponding
100 x 100 and 200 x 200 RSFC matrices for each participant.
The ethnicity/race prediction analyses were then repeated using
these alternative RSFC representations. Second, to account for
variability in gene expression patterns across the 6 AHBA
donors, we recomputed the weighted PLS1 gene expression maps
using multiple DS thresholds (DS > 0 and DS > 0.2). In addition,
we evaluated our results using alternative intensity-based filter-
ing thresholds (0.3 and 0.7) to verify that our findings were not
driven by the specific background noise cutoff. Third, we evalu-
ated the robustness of the dimensionality reduction strategy. We
extracted the first components using 2 nonlinear embedding
methods (i.e., diffusion embedding and Laplacian eigenmaps)
and compared them with PCA-derived first component to assess
the consistency of the low-dimensional representations. We also
performed representational similarity analysis (RSA) to assess
the preservation of inter-individual variability and re-ran the
ethnicity/race prediction using only the first principal compo-
nent derived from PCA to evaluate the extent to which ethnicity/
race-related variation is preserved in the low-dimensional RSFC
representation. Additionally, we re-ran the entire dimensionality
reduction and SEM procedure using thresholded RSFC matrices
(retaining only the top 10% of connections) [114].

Statistical analyses

The spatial association between different cortical maps was
assessed across parcels using 2-sided Pearson’s correlation analy-
sis. To account for distance-dependent spatial autocorrelation,
which can lead to an overestimation of statistical significance,
we implemented a spin test. Specifically, a null distribution was
generated for each cortical feature by performing 1,000 random
rotations of the corresponding feature map. Permutation P values
were calculated as the proportion of times that the absolute value
of the null correlation exceeded the absolute value of the observed
correlation. Spin tests were implemented using the Neuromaps
toolbox (https://github.com/netneurolab/neuromaps).
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