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Regional heterogeneity in phenotypic and
genetic associations between bone and brain
in humans

Lei Zhao1,2,7, Yilan Tang1,2,7, Wenhui Zhao 3,7, Shijiani Li1,2, Jie Chen1,2,
Tian Ge 4,5,6 & Yiheng Tu 1,2

The co-occurrence of skeletal and neuropsychiatric disorders suggests
underlying bone-brain associations, yet their characterization remains limited
by the anatomical and biological complexity of both systems. Here, we sys-
tematically examine these associations across diverse anatomical locations
using structural imaging and genetic data from approximately 45,000 UK
Biobank participants. We identify widespread structural associations between
bone and brain, with 34.9% of examined pairs showing significant relation-
ships. These associations display pronounced regional heterogeneity, with
effect size variation aligning with gradients of cortical development and evo-
lutionary expansion, as well as spatial distributions of GABA and 5HT-1b
receptors and gene expression profiles of oligodendrocyte precursor cells and
astrocytes. Genetic analyses spanning genome-wide, pathway, locus, and
single-variant levels further reveal shared genetic architecture between ske-
letal and brain structures, as well as with multiple neuropsychiatric and neu-
rological traits. Enrichment within the Wnt signaling pathway highlights a
potential mechanistic axis underlying bone-brain coupling, while distinct
skeletal regions exhibit differential genetic links to specific brain-related
health outcomes. Together, these findings demonstrate that bone-brain
associations are pervasive yet exhibit substantial anatomical and genetic het-
erogeneity, providing a systems-level framework for understanding the shared
biology of skeletal and brain health.

Bone serves as the structural backbone of the mammalian body, sup-
porting physical form, enabling locomotion1, and acting as a key site
for hematopoiesis2 and a reservoir for essential minerals3,4. Beyond
these traditional roles, bone is increasingly recognized as a dynamic
endocrine organ that interacts with other bodily systems to maintain
overall homeostasis and health5–7. Growing evidence points to a

complex relationship betweenbone andbrain, often conceptualized at
the molecular level as the bone-brain axis, which encompasses shared
biological signaling pathways (e.g., the Wnt pathway8–10), inter-
connected neural circuits7,11,12, and bidirectional molecular
communication13–16. Epidemiological studies further highlight the
relevance of bone-brain associations by demonstrating consistent
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comorbidity between skeletal disorders and central nervous system
conditions17–23.

Anatomical alterations in both the skeletal system and the brain
have played pivotal roles in human evolution24,25. The human skeleton,
consisting of over 200 bones situated in diverse anatomical locations,
varies in load-bearing demands, muscle mass and types26, vessel den-
sity and blood supply27,28, and innervation29. Bones in different anato-
mical locations also show varying susceptibilities to skeletal disorders,
with certain injuries closely linked to specific conditions30,31. Similarly,
the brain exhibits considerable anatomical complexity, characterized
by regional variations in vessel density and blood supply32, blood-brain
barrier properties33, the distribution of cell types and neurotransmitter
receptors34, and endocrine regulation35. Brain regions also differ
markedly in their susceptibility to neurological and psychiatric
disorders36–38. Despite the recognized importance of anatomical
complexity and diversity, their role in shaping bone-brain associations
remains largely unexplored. While recent animal research has shed
light on thebone-brain axis13,15, a comprehensive understandingof how
bone and brain relate to one another in humans remains a formidable
challenge.

Advances in imaging technologies, such as dual-energy X-ray
absorptiometry (DXA) and magnetic resonance imaging (MRI), have
enabled non-invasive measurement of human bone and brain struc-
tures across diverse anatomical locations, facilitating reliable assess-
ment of their associations in large-scale datasets. Importantly, image-
derived structural measures are highly heritable39,40, holding promise
to offer valuable insights into the biological pathways underlying
bone-brain associations. Recent genome-wide association studies
(GWAS) have characterized the genetic architecture of cortical and
subcortical regions41,42, as well as white matter tracts43. Leveraging

these findings, numerous studies have revealed genetic correlations
and shared risk variants between brain structures and disorders
affecting other bodily systems44–46. However, the genetic architecture
of bone structures across different anatomical locations remains
poorly understood, leaving a gap in our knowledge regarding the
genetic basis of bone-brain associations and its role in disease.

With the growing availability of large-scale biobank datasets, such
as the UK Biobank (UKB)47, we now have an unprecedented opportu-
nity to explore the bone-brain associations by integrating phenotypic
and genetic data across fine-grained bone and brain structures (Fig. 1).
In this study, we examine the relationships between bone and brain in
approximately 45,000 UKB participants using both imaging and
genetic data. By leveraging multi-modal imaging data, we first identify
extensive phenotypic associations between structural measures of
bone and brain across various anatomical locations. The strength of
these associations varies across cortical regions, reflecting differences
in cortical microarchitecture and the evolutionary hierarchy of human
brain function. We then conduct GWAS on bone structural mea-
sures and

identify anatomical location-specific genetic overlaps between
bone and brain structures, as well as brain-related traits and disorders,
across genome-wide, pathway, locus, and single-variant levels. Finally,
we highlight the key role of the canonical Wnt signaling pathway in
mediating these bone-brain associations.

Results
Overview for imaging measures
This study included 50DXA-derived bone structuralmeasures and 488
MRI-derived brain structural measures to investigate bone-brain
associations (Supplementary Data 1). The selection of these

Fig. 1 | Overview of the study design. The study was conducted in three steps.
First, associations between 50 dual-energy X-ray absorptiometry (DXA)-derived
bonemeasures and 488magnetic resonance imaging (MRI)-derived brain structure
measures were quantified, and the resulting spatial patterns across the cortexwere
examined. These patterns were biologically annotated to explore potential
mechanisms underlying the observed regional gradients. Second, the genetic
architecture of the 50 bone measures was characterized, and their latent factor

structure was derived using multivariate analyses. Third, genetic associations
between bone measures and brain-related structural features, traits, and disorders
were evaluated at genome-wide, pathway, locus, and single-variant levels, followed
by enrichment analyses of overlapping genes to investigate their potential biolo-
gical mechanisms. The DXA schematic is adapted from UKB example images. BMC
bonemineral content, BMD bonemineral density, GWAS genome-wide association
studies.
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measures was guided by anatomical relevance and biological function.
Among the 50 bone measures, 23 assessed bone mineral content
(BMC) and 27 assessed bone mineral density (BMD), both widely used
to characterize bone structure and closely linked to musculoskeletal
disorders48–50. Although related, these measures capture distinct bio-
logical properties: BMC reflects totalmineralmass and is influenced by
bone size andgrowth,whereasBMDreflectsmineral concentration per
unit volume and is more closely related to bone quality, micro-
structure, andmetabolic activity. All bonemeasureswere grouped into
five anatomical categories: head (n = 2), trunk (n = 10), upper limb
(n = 6), lower limb (n = 28), and whole body (n = 4).

The 488brainmeasureswere divided into ten categories basedon
anatomical location and imaging modality, including subcortical
volume, cortical volume, cortical surface area, cortical thickness,
fractional anisotropy (FA), diffusion tensor mode (MO), mean diffu-
sivity (MD), orientation dispersion (OD), intra-cellular volume fraction
(ICVF), and isotropic volume fraction (ISOVF). These categories cap-
ture complementary neurobiological processes. For example, cortical
thickness reflects radial neuronal migration and the neuronal and glial
architecture within cortical columns, whereas cortical surface area is
linked to tangential neuronal migration and indexes the number of
mini-columnar units. In total, 14 measures quantified the volume of
subcortical regions, 186 measures assessed the volume, surface area,
and thickness of 62 cortical regions, and 288 measures evaluated
various white matter (WM) microstructural properties (FA, MO, MD,
OD, ICVF, and ISOVF) across 48 WM tracts. Further methodological
details are provided in the Methods section and supplementary text.

Phenotypic bone–brain associations
We examined pairwise phenotypic correlations between the 50 bone
measures and 488 brain measures, adjusting for a range of potential
confounders (see “Methods” section for a complete list of covariates).
In our discovery dataset, which included 35,089 white British indivi-
duals of European ancestry, we identified 8519 bone–brain associa-
tions (34.9% of examined pairs; Fig. 2A, Supplementary Figs. 1–10, and
Supplementary Data 2) at the Bonferroni-corrected significance level
(p < 2.05 × 10−6, across 50 × 488 tests), suggesting widespread struc-
tural connections between bone and brain. To evaluate the robustness
and generalizability of these findings, we performed a replication
analysis in an independent validation dataset (N = 4257) of non-white
British Europeans. A total of 5609 associations (Supplementary Data 2)
were successfully replicated with nominal significance (p <0.05) and
concordant effect directions.

The head showed the highest proportion of significant associa-
tions with brain measures, with 60.1% (npair = 587) of pairwise corre-
lations exceeding the Bonferroni threshold (p < 2.05 × 10−6). This was
followed by the trunk (41.2%, npair = 2010), lower limb (30.3%,
npair = 4144), and upper limb (29.4%, npair = 860). In terms of correla-
tion strength, the upper limb exhibited the strongest average corre-
lations (|β| = 0.051), followed by the head (|β| = 0.043), trunk (|
β| = 0.039), and lower limb (|β| = 0.034). These patterns indicate that
bone–brain associations vary systematically across anatomical loca-
tions of the skeleton.

Among the brain measures, subcortical volumes had the highest
proportion of significant associations with bone measures (63.7%;
npair = 446), followed by cortical measures (39.6%, npair = 3679) and
WM measures (30.5%, npair = 4,394). All significant correlations
between bone measures and cortical volume and surface area were
negative, whereas correlations with cortical thickness were primarily
positive (Fig. 2B). Subcortical volumes followed a similar pattern to
cortical volume, showing predominantly negative correlations with
bonemeasures (Fig. 2C). ForWMmeasures, all significant correlations
with MD and ISOVF were negative, whereas correlations with FA were
predominantly positive, indicating that higher bone mineral content
and density are associated with better WM integrity (Fig. 2D).

Correlations with OD were more heterogeneous, with approximately
equal proportions of positive and negative associations across WM
tracts. Positive correlations were primarily observed in the superior
fronto-occipital fasciculus, superior cerebellar peduncle, and pontine
crossing tract, while negative correlations weremainly observed in the
corticospinal tract and inferior cerebellar peduncle. In summary, the
proportion and direction of bone-brain associations depend strongly
on both the anatomical location of the brain region and the imaging
modality, highlighting a complex and regionally heterogeneous rela-
tionship between skeletal and neural structures.

Given the versatile role of the hypothalamus and its established
association with bone homeostasis in animal studies51,52, we addition-
ally parcellated the hypothalamus into 10 subregions and found that
the posterior hypothalamus exhibited the strongest associations with
bone measures (Supplementary Fig. 11, Supplementary Data 3, and
supplementary text).

Both brain and bone structures are influenced by sex53,54. To
explore potential sex differences in bone-brain associations, we con-
ducted sex-specific analyses and identified 5647 significant bone-brain
pairwise correlations (p < 2.05 × 10−6) in females (N = 18,193) and
3600 significant correlations in males (N = 16,896; Supplementary
Figs. 12–33 and Supplementary Data 4). Overall, females exhibited
stronger (two-sample t-test p <0.001; Supplementary Fig. 34) and
more widespread bone–brain correlations compared to males. To
further assess whether age gradients may have influenced these sex-
specific findings, participants were stratified into younger (<60 years)
and older (≥60 years) groups within each sex. Association analyses
were repeated within each stratum, and heterogeneity between strata
was assessed using Cochran’s Q test. No significant heterogeneity was
observed among females and only one heterogeneous pair (FDR
q <0.05) was detected among males (Supplementary Data 5), indicat-
ing that the observed sex differences in bone–brain associations are
unlikely to be substantially confounded by age-related effects.

Microarchitecture and evolution patterns underlying bone-
brain associations
The strength of bone-brain correlations varies substantially across
cortical regions (Fig. 2 and Supplementary Data 2). For example, the
average correlation between bone measures and cortical surface area
is more than fourfold stronger in the left parahippocampal cortex
(| β | = 0.067) compared to the left cuneus (| β | = 0.015). Similarly, the
average correlation with cortical thickness in the left rostral anterior
cingulate cortex (| β | = 0.053) is approximately threefold greater than
that in the left insular cortex (| β | = 0.014). Cortical microarchitecture
plays a crucial role in regulating morphological variability, as it pro-
foundly influences brain metabolism, neural plasticity, and suscept-
ibility to disorders55,56.

To investigate the biological factors contributing to the variation
in bone-brain correlation strength across cortical regions (Fig. 2B), we
examined 30 spatial distribution maps (Supplementary Fig. 35 and
Supplementary Data 6) that capture different aspects of cortical
microarchitecture. These included 19 maps related to neuro-
transmitter receptors or transporters, 7 maps for cell-type-specific
gene expression, and 4 maps for microstructure features56. After
accounting for spatial autocorrelation using surrogate maps57, we
found significant correlations between the spatial distribution of
GABAa (r =0.611, p = 2 × 10−4) and 5HT-1b (r =0.449, p = 1.5 × 10−3)
neurotransmitter receptors and the cross-regional variability in the
strength of correlations between cortical surface area and bone mea-
sures, after applying a 5% false discovery rate (FDR) correction (Fig. 2E
and Supplementary Data 7). For cortical thickness, significant corre-
lations were observed with the spatial distribution of cell type-specific
gene expression in oligodendrocyte precursors (r =0.614, p = 2 × 10−4)
and astrocytes (r = 0.611, p < 1 × 10−4), as well as with myelin micro-
structure (r = −0.559, p = 3.8 × 10−3) and GABAA neurotransmitter
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receptors (r = −0.463, p = 3.6 × 10−3). Together, these results show that
macroscopic bone–brain structural correlations exhibit a spatial gra-
dient that aligns with microscopic patterns of neurotransmitter
receptor distribution and cellular composition.

Considering the unique evolutionary specializations in humans
and the rapid growth of both the brain and bone during
development24,58,59, we also explored how brain evolution and devel-
opmental expansion may shape the regional variability of bone-brain

connection strength (Supplementary Fig. 35 and Supplementary
Data 6). Our results (Fig. 2F and Supplementary Data 7) demonstrated
that the regional variability of cortical surface area and thickness was
positively associated with their functional evolutionary hierarchy
(r =0.553, p = 7 × 10−4) and developmental expansion (r = 0.498,
p = 1 × 10−4), suggesting that evolutionary and developmental pro-
cesses may also influence regional differences in bone–brain
communication.

βR

L

Cortical volume

−0.08
−0.04
0.00
0.04
0.08

β

Cortical thickness

R

L −0.08
−0.04
0.00
0.04
0.08

β

−0.08
−0.04
0.00
0.04

Cortical surface area

R

L

0.08

−l
og

10
(p

-v
al

ue
)

0

30

60

90

120

150

180

Co
rti

ca
l

su
rfa

ce
 a

re
a

Co
rti

ca
l

th
ick

ne
ss

Co
rti

ca
l

vo
lum

e

Su
bc

or
tic

al
vo

lum
e

FA

IC
VF

IS
OV

F

M
D

M
O OD

Head
Trunk
Upper Limb
Lower Limb
Whole body

−0.05

0.05

0.00

βR

L

Thalamus

Amygdala

Hippocampus
Accumbens

Pullidum

Caudate

Putamen

Subcortical volume

MO
Posterior limb of internal capsule R

β = 0.070

Inferior cerebellar peduncle L
β = 0.066

Corticospinal tract B
β = 0.132

Middle cerebellar peduncle
β = 0.113

Inferior cerebellar peduncle L
β = -0.076

Superior fronto-occipital fasciculus L
β = 0.086

Corticospinal tract B
β = -0.154

Middle cerebellar peduncle
β = -0.113

OD

Pontine crossing tract
β = -0.189/-0.178

Medial lemniscus L
β = -0.142/-0.140

 Corticospinal tract B 
β = -0.147/-0.147

Middle cerebellar peduncle
β = -0.122/-0.120

ISOVF/MD
Posterior limb of internal capsule R

β = 0.080

Inferior cerebellar peduncle R
β = 0.072

Corticospinal tract B
β = 0.117

Middle cerebellar peduncle
β = 0.156

FA

Superior corona radiata L
β = 0.035

Cerebral peduncle L
β = 0.031

Sagittal stratum B
β = 0.035

Pontine crossing tract
β = -0.040

ICVF

White matter

0.6

0.3

0

0.3

0.6

Ab
so

lu
te

 c
or

r v
al

ue

Corr > 0
Corr < 0

Cortical surface area

Cortical thinckness

Neurotransmitters Microstructure Cell type gene expression

5-
HT

1a
5-

HT
1b

5-
HT

2a
5-

HT
4

5-
HT

6
5-

HT
T

α4
β2 CB
1 D1 D2 DA
T

GA
BA

a
H3 M

1
m

Gl
uR

5
M

OR NE
T

NM
DA

VA
Ch

T

Ge
ne

 e
xp

re
ss

ion
 P

C1

Ne
ur

ot
ra

ns
m

itte
r P

C1
M

ye
lin

Sy
na

ps
e 

de
ns

ity

*
*

*
*

As
tro

cy
te

s

en
do

th
eli

al 
ce

lls
M

icr
og

lia

Ex
cit

at
or

y n
eu

ro
ns

In
hi-

bit
or

y n
eu

ro
ns

Ol
igo

de
nd

ro
cy

te
s

OP
C

* *

Cortical areal scaling

Cortical expansion

Cortical expansion

Functional hierarchy

Cortical surface area Cortical thinckness

0.300.3
Absolute corr value

*

*

Corr > 0
Corr < 0

Development
Evolution

A

B

C D

E F

Article https://doi.org/10.1038/s41467-026-73428-y

Nature Communications |         (2026) 17:6789 4

www.nature.com/naturecommunications


The genetic architecture of bone measures
To comprehensively characterise the genetic basis of bone-brain
associations, we first examined the genetic architecture of 50 DXA-
derived bone measures by conducting GWAS in a cohort of 39,072
white British individuals of European ancestry. This analysis identified
1767 independent [linkage disequilibrium (LD) r2 < 0.1] genome-wide
significant bone-single nucleotide polymorphism (SNP) associations
(Supplementary Figs. 36–85 and Supplementary Data 8) across 393
unique genetic loci (Fig. 3A and SupplementaryData 9) at a Bonferroni-
corrected threshold of p < 1 × 10−9 (5 × 10−8/50). These included 7 novel
loci that did not overlap with previously reported suggestive associa-
tions (p < 5 × 10−6; 1 for BMD, 6 for BMC; Supplementary Data 10), as
well as 18 loci that did not overlapwith genome-wide significant signals
(p < 5 × 10−8) reported in priorGWASof bonemineral traits (10 for BMD
and 11 for BMC, with 3 overlapping between BMD and BMC; Supple-
mentaryData 11)40,60–63. Of the 393 unique loci, 351 did not overlapwith
genome-wide significant variants for skeletal proportions reported in a
recent study24, suggesting limited genetic overlap between bone
mineral measures and skeletal proportions.

Among the five categories of bone measures, the head and lower
limb showed the highest degree of genetic specificity (Fig. 3A), with
most of their independently associated variants being unique to these
categories. This finding provides genetic evidence for the molecular
basis of anatomical differentiation within the skeletal system. The
linkage disequilibrium score regression (LDSC)64 intercepts for all 50
bone measures were close to 1 (mean intercept = 1.021,
range =0.993–1.043; Supplementary Data 12), suggesting that geno-
mic inflation can be largely attributed to polygenicity rather than
confounding factors. Additionally, we conducted sex-specific GWAS
for male and female participants (Supplementary Data 13), which
revealed highly consistent genetic effects at genome-wide significant
loci across sexes (Pearson’s r = 0.965; Supplementary Fig. 86).

To explore whether genetic signals are shared across ancestries,
we sought to replicate our GWAS findings using three independent
datasets from the UKB: a non-white British cohort of European indi-
viduals (N = 4720), an East Asian cohort (UKBEAS, N = 214), and an
African cohort (UKBAFR, N = 381). Of the 1767 independent significant
bone–SNP associations, 830 (46.97%, spanning 199 loci) reached
nominal significance (p <0.05) with consistent effect directions in the
non-white British European cohort (Supplementary Data 14). In the
non-European cohorts, 139 associations (across 57 loci) reached
nominal significance in UKBEAS, and 126 associations (across 37 loci)
were nominally significant in UKBAFR. The lower replication rates in
non-European cohorts likely reflect both reduced statistical power due
to smaller sample sizes and ancestry-specific genetic architecture.

We estimated SNP-based heritability (h2) for each of the 50 bone
measures using LDSC64. At the Bonferroni-corrected significance level
(p < 1 × 10−3, across 50 tests), significant heritabilitywasobserved for all
bone measures, with an average h2 of 29.17% (range = 20.67–43.55%;
Fig. 3B and Supplementary Data 15). Among the five anatomical cate-
gories of bone measures, the head showed the highest average h2

(mean h2= 42.9%), followed by the whole body (34.2%), trunk (30.7%),

upper limb (28.4%), and lower limb measures (27.1%). Notably, while
there was a moderate correlation (Pearson’s r = 0.541, p = 5.07 × 10−5),
h2 for bone measures was significantly higher in males compared to
females (mean h2 = 31.28% in males vs. 24.86% in females;
p = 2.25 × 10−9, two-sample t-test; Supplementary Figs. 87–89 and
Supplementary Data 15). Heritability estimates obtained using GCTA-
GREML65 were on average slightly higher but highly correlated with
LDSC estimates (Pearson’s r = 0.894, p < 0.001; Supplementary
Data 15 and Supplementary text). Additionally, we calculated pairwise
genetic correlations among 46 local bone measures (excluding the
four whole-body measures) and found strong positive correlations
across measures (mean rg = 0.733, range =0.325–0.993; Supplemen-
tary Fig. 90 and Supplementary Data 16).

Before exploring the genetic overlap between bone and brain
measures, we sought to determine whether categorizing bone mea-
sures by anatomical locations accurately represents their genetic
similarity. To this end, we applied genomic structural equation mod-
eling (Genomic SEM)66 to generate a low-dimensional latent repre-
sentation of 46 local bone measures based on their pairwise genetic
correlation estimates. A full description of the model selection pro-
cedure is provided in the Methods section. Rather than using the five
anatomical categories, thebest-fittingmodelwas abifactormodelwith
one general factor and five specific genomic factors (F1–F5) (Fig. 3C,
Supplementary Fig. 91, and Supplementary Data 17), as evidenced by
its excellent fit [χ2(df = 943) = 931,651, AIC = 931,927, CFI = 0.991,
SRMR=0.042]. In this model, the general factor positively loaded on
all measures, accounting for an average of 70% of the genetic covar-
iation. Genomic factor F5 aligned with the head region, and F3
encompassed all trunk-related measures, consistent with anatomical
groupings. However, notable divergences emerged in the limb mea-
sures. Specifically, measures of the lower leg and upper limb clustered
together under F2, whereas femoral BMD/BMC measures formed a
distinct factor (F1). BMC of the femur neck andWard’s triangle loaded
onto F4, with the remaining lower limbmeasures assigned to F1. These
patterns revealed biologically coherent clusters of genetic covariation
that do not strictly follow anatomical boundaries.

The divergence between F1 (femur-dominant) and F2 (upper limb
and lower leg) is biologically interpretable. F2 appears to represent a
functional genetic module linked to pathways involved in dynamic
mechanical loading and high-frequency muscle contraction. Upper-
limb bones exhibit BMD/BMC variation driven largely by localized
muscle traction and fine-motor use, while lower leg bones experience
high strain rates and torsional stress during activities such as running,
jumping, or rapid directional movements. These dynamic forces differ
fundamentally from the predominantly static axial loading that char-
acterizes femoral BMD/BMC variation, which is captured by F1. Thus,
F2 likely reflects shared genetic determinants of adaptive bone
remodeling under dynamic, muscle-driven mechanical stimuli,
whereas F1 captures genetic pathways associated with load-bearing
axial compression. Given that the bifactor model provides a parsimo-
nious and more accurate representation of the genetic similarities
among bone measures, we subsequently used the latent genomic

Fig. 2 | Phenotypic associations between bone and brain. A Manhattan plot of
pairwise phenotypic correlations between bone and brain measures. Each dot
represents a pairwise correlation (linear regression model, two-sided test). The x
axis shows brain measures, with colors indicating different bone categories. The
red dashed line represents the Bonferroni-corrected significance threshold (raw
p < 2.05 × 10−6). B Regional variation in bone-brain correlation strength for cortical
regions, with colors indicating the average correlation strength for each region
across bone measures. C Regional variation in bone–brain correlation strength for
subcortical regions, with colors indicating the average correlation strength for each
region across bone measures. D The top five brain measures with the strongest
average correlations across bonemeasureswithin each category ofWM.EBar chart
illustrating the spatial correlations (Pearson correlation, two-sided test, n = 62 for

both cortical surface area and cortical thickness) between the regional variability in
corticalmicroarchitecture distribution and the strength of the association between
cortical surface area (top) or thickness (bottom) and bone measures. F Bar chart
illustrating the spatial correlations (Pearson correlation, two-sided test, n = 62 for
both cortical surface area and cortical thickness) between brain developmental and
evolutionarymaps and the strength of the association between cortical surface area
(left) or thickness (right) and bone measures. Different colors represent different
types of brain maps. Asterisks indicate significant associations at the 5% FDR level.
All statistical tests were two-sided. B bilateral; FA fractional anisotropy, ICVF intra-
cellular volume fraction, ISOVF isotropic volume fraction, L left, MD mean diffu-
sivity, MO diffusion tensormode, OD orientation dispersion, OPC oligodendrocyte
precursors, R right.
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Fig. 3 | The genetic architecture of bone measures. A Top: the number of lead
single-nucleotide polymorphisms (SNPs) identified by FUMA for each bone mea-
sure category. The sizeof each circle represents theproportion of category-specific
associations, calculated as the ratio of category-specific lead SNPs to the total
number of lead SNPs for that category. Bottom: ideogramdisplaying genome-wide
significant loci associated with 50 bone measures (p < 1 × 10−9). Genomic regions
containing previously unreported loci at genome-wide significance (p < 5 × 10−8) are
indicated with orange labels. Colors indicate different bone categories. B SNP-
based heritability for 50 bone measures, grouped into anatomical categories and
color-coded accordingly (see Supplementary Data 1 and the underlying GWAS

summary statistics for details of the bone measures). Points represent heritability
estimates, and error bars indicate 95% confidence intervals based on the standard
errors of the estimates. The average heritability of each category is shown. C A
bifactor genomic SEM model illustrating the genetic covariance structure of bone
measures. Genomic factors are represented as circles, and one-headed arrows
indicate the average standardized loadings of these factors on bonemeasures. The
text color for each bone measure corresponds to its anatomical category. BMC
bone mineral content, BMD bone mineral density, F factor, G general factor, L left,
R right.
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factors, rather than anatomical categories, to explore the genetic
relationships between bone and brain.

GWAS on the six genomic factors identified 21 loci that were not
detected among the 50 bone measures (Supplementary Fig. 92 and
Supplementary Data 18), indicating that these latent factors capture
shared genetic components across bone measures and substantially
enhance discovery power. To move from variant-level associations
toward biological interpretation, we performed gene- and pathway-
level analyses. Gene-level association analysis usingMAGMA67 revealed
230 unique genes (p < 5.23 × 10−8, 50× 19,110 tests; Supplementary
Data 19) associated with bone measures, corresponding to 1726 sig-
nificant bone–gene pairs. For the latent genomic factors, 112 unique
genes (p < 4.41 × 10−7, across 6 × 18,909 tests; Supplementary Data 20)
were identified, corresponding to 123 significant factor-gene pairs. In
parallel, using FUMA positional mapping, expression quantitative trait
locus (eQTL) mapping, and chromatin interaction mapping, we iden-
tified 510 unique genes associated with bone measures (Supplemen-
tary Data 21), 324 of which were not captured by MAGMA, indicating
additional regulatory mechanisms beyond proximity-based
assignment.

In the MAGMA gene-set enrichment analyses, 225 unique Gene
Ontology (GO) gene sets exhibited significant enrichment for at least
one bonemeasure at the 5% FDR level (Supplementary Data 22). These
gene sets mainly involved processes related to morphogenesis,
development, differentiation, and remodeling of multiple tissues, as
well as pathways such as Wnt signaling and metabolic regulation.
Similar gene sets and enrichment patternswereobservedwhenusing a
±10 kb annotation window size (Supplementary Data 23 and S24).
Partitioned LDSC analysis of tissue and cell types68 revealed significant
enrichments for bone measures in active gene regulatory regions
acrossmultiple tissues, includingbone,muscle, cardiovascular system,
and nervous system at the 5% FDR level (Supplementary Data 25).
Additional enrichment analysis of the latent genomic factors can be
found in supplementary text (Supplementary Data 26 and S27).

Genome-wide genetic correlations between bone and brain
Emerging evidence suggests a link between bone health and various
physiological, psychological, and neurodegenerative conditions69. To
investigate the genetic underpinnings of these associations, we used
cross-trait LDSC70 to estimate genome-wide genetic correlations
between 50 bone measures and 70 complex traits and disorders
(Supplementary Data 28). After applying a 5% FDR correction, we
identified significant genetic correlations spanning physiological
conditions, personality traits, cognitive functions, food preferences,
musculoskeletal disorders, neurodegenerative disorders, and psy-
chiatric disorders (Fig. 4A, Supplementary Fig. 93, and Supplementary
Data 29). As anticipated, osteoporosis showed significant negative
correlations with all bone measures, with the most pronounced effect
in right trunk BMD (rg = −0.818). Body mass index (BMI) showed
positive correlations with bone measures across all genomic factors,
particularly in the legs (rg =0.176). Additionally, the intensity of phy-
sical activity was positively correlated with bone measures from
genomic factors F2, F3, and F4 (max rg = 0.164 in the legs). We also
observed widespread positive genetic correlations between muscu-
loskeletal disorders and bone measures, including knee osteoarthritis
(max rg =0.277 in the legs), spinal stenosis (max rg = 0.344 in the
lumbar spine L1-L4), hip osteoarthritis (max rg = 0.285 in the femur
neck), and meniscus derangement (max rg =0.224 in the legs).

Both positive and negative genetic correlations were observed
between bone measures and brain disorders. Significant positive cor-
relations were found with bipolar disorder (BD), Parkinson’s disease
(PD), Lewy body dementia (LBD), attention deficit hyperactivity dis-
order (ADHD), obsessive-compulsive disorder (OCD), and alcohol
dependence. In contrast, significant negative correlations were iden-
tified with insomnia, Alzheimer’s disease (AD), anxiety disorder (ANX),

and multiple sclerosis (MS). In addition, these brain disorders exhib-
ited distinct genetic correlation patterns across anatomical locations
of bone measures (Fig. 4A, B). For example, ADHD showed significant
correlationswith bonemeasures fromboth genomic factors F2 and F3,
while BD and ANX were exclusively associated with F1. PD was corre-
lated with bone measures across F1, F2, and F5, whereas MS was
associated solely with F2. Notably, some brain-related traits demon-
strated opposing correlations across different genomic factors. For
instance, intelligence and educational attainment were positively
correlated with bonemeasures in F5, but negatively correlated with F2
and F3. Taken together with the phenotypic findings, these results
suggest an inherent organizational principle linking skeletal andneural
systems.

To further explore the genetic overlap between bone measures
and physical and mental health, we conducted polygenic risk scores
(PRS) analysis71. As a sanity check, PRS derived from the discovery
GWAS of the 50 bonemeasures significantly predicted their respective
phenotypes in an independent cohort of non-white British Europeans,
explaining a mean incremental phenotypic variance (R2) of 4.13%
(range = 0.59–14.23%; Supplementary Fig. 94 and Supplementary
Data 30), with 14 bonemeasures having an R² greater than 5%.We then
evaluated the association between the 50 bone PRS and 204 complex
traits across multiple categories (Supplementary Data 31). At the
Bonferroni-corrected significance level (p < 4.90 × 10−6, across
50 × 204 tests), we identified 54 phenotypes significantly associated
with bone PRS, primarily in categories such as body composition,
musculoskeletal and connective tissue disorders, pain, neurological
disorders, personality traits, mental health, cognitive ability, and life-
style (Fig. 4C). For instance, bone PRS predicted cognitive ability and
educational attainment, aligning with our findings from the genome-
wide genetic correlation analysis. Additionally, higher PRS for several
bone measures were associated with better mental health outcomes,
including lower levels of depression, anxiety, and neuroticism. Ele-
vated PRSwere also linked to greater warmth and sociability, as well as
lower levels of diligence and nervousness. Finally, we observed asso-
ciations between bone PRS and various lifestyle factors, including
sleep, smoking, and physical activity. Full details, including the
strength and direction of associations, are provided in Supplementary
Fig. 95, and Supplementary Data 32. Together, these results indicate
that polygenic profiles of bone extend beyond musculoskeletal traits
or diseases to neurological, cognitive, and behavioral domains,
showing widespread pleiotropy between skeletal and neural systems.

Local genetic correlations between bone and brain
While genome-wide genetic correlation analysis provides valuable
insights into the overall genetic overlap between bone measures and
braindisorders, it does notpinpoint the specific genetic factors driving
these associations. We thus conducted local genetic correlation ana-
lysis to identify region-specific genetic overlaps72. Several brain dis-
orders with significant genome-wide genetic correlations with bone
measures also exhibited significant local genetic associations at one or
more genomic loci (p < 9.78 × 10−7, see “Methods” section for details on
multiple testing correction; Supplementary Figs. 96–101 and Supple-
mentary Data 33). For instance, ADHD showed positive local genetic
correlations with bone measures from genomic factor F2 at loci on
chromosomes 4 and 17, whereas AD demonstrated negative genetic
associations with bone measures from F2 at loci on chromosome 7.

In addition,we uncovered significant local genetic correlations for
bone–brain pairs that did not exhibit genome-wide genetic correla-
tions (Supplementary Figs. 102–105 and Supplementary Data 33).
Specifically, post-traumatic stress disorder displayed positive genetic
correlations with genomic factors F2 and F3 at loci on chromosomes 8
and 11. Major depressive disorder (MDD) showed significant negative
associations with F1, F3, and F4 at loci on chromosomes 5 and 6.
Schizophrenia demonstrated negative associations with all genomic
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factors except F5 at loci on chromosomes 6 and 15, while showing
positive associations with F1 and F2 at loci on chromosomes 4, 8, and
10. Furthermore, cannabis use disorder (CUD) showed significant
negative associations with F1 and F4 at loci on chromosome 8.

In parallel with the phenotypic correlation analysis between bone
and brain, we assessed both global and local genetic correlations
between 50 bone DXA measures and 488 brain MRI measures. While
no significant genome-wide genetic correlations were identified, we

uncovered 519 significant region-specific genetic correlations across
multiple genomic loci (p < 1.17 × 10−6, see “Methods” section for details
on multiple testing correction; Fig. 5A, Supplementary Fig. 106–115,
Supplementary Data 34 and 35), suggesting that shared genetic com-
ponents are concentrated within specific genomic regions rather than
broadly distributed across the genome.Notably, the superior temporal
region, transverse temporal region, and corticospinal tract showed
significant local genetic correlations with bone measures across all
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latent genomic factors, indicating a widespread genetic overlap with
the skeletal system. Consistent with the phenotypic findings, most
local genetic correlations were negative for cortical volume, cortical
surface area, ISOVF, and MD, and positive for FA. Moreover, the cor-
ticospinal tract showed the greatest number of significant associations
with bone measures at both phenotypic (501 pairs, Supplementary
Data 2) and genetic levels (170 pairs, Supplementary Data 34), sug-
gesting that the observed phenotypic associations may, in part, reflect
shared genetic influences.

Functional enrichment of genes related to both bone and brain
To further localize the genetic variants underlying both global and
local genetic correlations between bone and brain, we examined
genome-wide significant SNPs associatedwith the 50bonemeasures in
the NHGRI-EBI GWAS catalog73. This analysis identified variants asso-
ciatedwithboth bonemeasures and awide rangeof complex traits and
disorders, including cognitive performance, education, brain structure
and function, psychological traits, personality, smoking behavior,
neurodegenerative and neuropsychiatric disorders, sleep disorders,
anthropometric traits, musculoskeletal disorders, and various condi-
tions related to the immune, endocrine, and cardiovascular systems
(Supplementary Data 36).

We then performed enrichment analyses on the genes (Supple-
mentary Data 37) harboring overlapping genetic signals between bone
measures and brain-related traits or disorders to elucidate the biolo-
gical mechanisms underlying bone-brain associations. At the 5% FDR
level, our analysis revealed significant enrichments (Supplementary
Fig. 116 and Supplementary Data 38) in several Gene Ontology (GO)
terms related to the canonical Wnt signaling pathway, chondrocyte
differentiation, and embryonic morphogenesis. Additionally, we
identified several significant Kyoto Encyclopedia of Genes and Gen-
omes (KEGG) terms, with theWnt signaling pathway again emerging as
the most prominent (Supplementary Data 38).

To evaluate whether these enrichments were driven by genes
harboring putative causal variants, we repeated the enrichment ana-
lyses using genes prioritized through fine-mapping. The results were
highly consistent with the primary analysis, and the canonical Wnt
signaling pathway remained the most significantly enriched term
(Supplementary Data 39 and S40). In total, we identified nine genes
involved in the canonical Wnt signaling pathway (WNT4, WNT2B,
CSNK1G3, WNT16, SOX7, LGR4, LRP4, LRP5, AXIN1), along with eight
additional genes (BDNF, TNFRSF11B, RUNX2, SOX6, GDF5, ESR1, GATA4,
HDAC5) that either regulate signaling modules within this pathway or
act as downstream effectors (Supplementary Fig. 117 and supplemen-
tary text). Collectively, these enrichment results converge on the
canonicalWnt signalingpathway, implying that this pathwaymayserve
as a key axis linking bone formation and neural development.

Druggability analysis of the canonical Wnt signaling pathway
We further explored the translational potential of the 17 bone-brain
overlapping genes involved in the canonical Wnt signaling pathway
(Supplementary Fig. 117). Among these genes, 13 were classified as
druggable (Supplementary Data 41 and 42) according to the Drug-
Gene Interaction Database (DGIdb) and the Druggable Genome

database74, indicating known or predicted molecular features that are
compatible with pharmacological targeting. Notably, DrugBank and
Therapeutic Target Database annotations indicate that BDNF is cur-
rently under clinical investigation for neurological disorders75,76, and
TNFRSF11B has been reported as a potential therapeutic target in
osteoarthritis77. We further conducted exploratory drug repurposing
analyses usingGene2Drug78 to identify candidate compounds thatmay
modulate pathways linked to these genes. This analysis prioritized 32
compounds spanning multiple drug classes at Bonferroni-corrected
significance (p < 2.24 × 10−6), including antimalarials, antiarrhythmics,
antihypertensive agents, antipsychotic agents, antidepressants, anti-
epileptics, and anti-Parkinson agents (Supplementary Data 43). These
findings suggest potential opportunities for pathway-level pharmaco-
logical modulation but remain exploratory and require experimental
validation.

Pleiotropic genetic variants between bone and brain
To explore shared genetic signals between bone and brain, we per-
formed Bayesian colocalization analyses79. We considered colocaliza-
tion to be supported when the posterior probability of the shared
variant hypothesis (PPH4) exceeded 0.8. Our analysis revealed multi-
ple regions with high colocalization probabilities between bone and
brain measures (Supplementary Data 44). For example, both global
brain volume (PPH4 =0.973; Fig. 5B) and total cortical surface area
(PPH4 =0.865; Supplementary Fig. 118) showed strong evidence of
shared association signals with bone measures in the 11p14.1 region.
Additional colocalized signals were observed in the 6q22.32 region for
the middle frontal gyrus, lateral orbitofrontal cortex, and caudal
anterior cingulate cortex (PPH4 >0.977; Supplementary Figs. 119–121).

Beyond structural brain features, Bayesian colocalization analysis
further supported widespread genetic pleiotropy between bone
measures and various personality traits and cognitive phenotypes. For
example, variants within the 8p23.1 region were associated with both
arm BMC and neuroticism (PPH4 =0.950; Supplementary Fig. 122). In
the 1q32.1 region, spine BMC colocalized with executive function
(PPH4 =0.925; Supplementary Fig. 123). Reaction time colocalized
with multiple bone measures within the 11p11.2 region, including head
BMC (PPH4 =0.921; Supplementary Fig. 124), spine BMD (PPH4 =
0.910; Supplementary Fig. 125), and femur neck BMD (PPH4=0.947;
Supplementary Fig. 126). In this same region, additional colocalization
was observed between smoking behavior and head BMD (PPH4 =
0.812; Supplementary Fig. 127), femur wards BMC (PPH4 =0.986;
Supplementary Fig. 128), and total body BMD (PPH4 =0.850; Supple-
mentary Fig. 129). In the 6p22.1 region, pelvis BMD was linked to both
MDD (PPH4=0.888; Fig. 5B) andworry (PPH4=0.880; Supplementary
Fig. 130). Lastly, we found shared genetic influences between bone
measures and several musculoskeletal disorders (Supplementary
Fig. 131-S134, Supplementary Data 44, and supplementary text).

Causal relationships between bone and brain disorders
In light of the extensive genetic associations between bone structure
and brain disorders, we applied Mendelian Randomization (MR)
analysis80 to explore their putative causal relationships. We evaluated
bidirectional causal effects between 50 bone measures and 20 brain

Fig. 4 | Selectedgenome-wide genetic correlations betweenbonemeasures and
complex traits and disorders. A Heatmap showing selected genetic correlations
between 50 bone measures and 70 complex traits or disorders. The colors repre-
sent the magnitude of genetic correlations, and asterisks indicate significant
associations at the 5% FDR level. B Illustration of the anatomical location of bone
measures that exhibit significant genetic correlations with attention deficit hyper-
activity disorder (ADHD), anxiety disorder, bipolar disorder, multiple sclerosis and
intelligence. Schematic skeleton images are provided by Servier Medical Art
(https://smart.servier.com), licensed under CC BY 4.0 (https://creativecommons.
org/licenses/by/4.0/). C Significance plot showing selected associations between

PRS of the 50 bone measures and complex phenotypes. The x axis shows specific
phenotypes, with box colors indicating their category domains. The color of the
marker indicates the direction of the association (red: positive associations; blue:
negative associations). The shape of the marker corresponds to different bone
genomic factors. The dashed line represents the Bonferroni-corrected significance
threshold (raw p < 4.90 × 10−6). All statistical tests were two-sided. BMC bone
mineral content, BMD bone mineral density, F factor, Food-Highly Palatable food
preference for highly palatable, Food-LowCaloric food preference for low caloric, L
left; OCD obsessive-compulsive disorder, R right.
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disorders (Supplementary Data 45). At Bonferroni-corrected sig-
nificance (p < 5 × 10−5), we identified several causal effects of bone
measures on neuropsychiatric outcomes (Fig. 6A and Supplementary
Data 46). Specifically, left leg BMC was negatively associated with the
risk of CUD; bilateral trunk BMD exerted positive effects on the risk of
alcohol dependence; the risk of OCDwas positively influenced by total
BMD, bilateral leg BMC, and right arm BMD; and the risk of AN was
negatively associated with total BMD, total BMC, bilateral femur neck
BMD, legs BMD, and heads BMD. Notably, genomic factor F2 showed
complex, reversed effects on multiple disorders: lower BMD and BMC
within this factor were associated with an increased risk of CUD and
AN, but a decreased risk of OCD.

We also identified causal effects of brain disorders on bone
structure at Bonferroni-corrected significance (p < 6.68 × 10−5;

Fig. 6B and Supplementary Data 46). Specifically, we found positive
causal effects of ADHD on right trunk BMDwithin genomic factor F3.
In contrast, stroke was associated with decreased BMC of right
femur wards in F4. Multiple bone structures in F1, F3, and F4
exhibited reduced BMC as a result of MS. Autism spectrum disorder
(ASD) was linked to decreased whole-body BMC and BMD, with the
strongest effects observed in bone structures within F2, F3, and F5.
In summary, we observed bidirectional causal relationships between
bone structure and brain disorders, with the magnitude and direc-
tion of these effects modulated by specific genomic factors of bone
measures.

Strong concordance emerged between the causal inference
results and the genetic correlation analyses. Among the 20 brain dis-
orders evaluated in both approaches, we identified global or local

Fig. 5 | Local genetic correlations and selected genetic pleiotropy between
bone and brain measures. A Local genetic correlation between brain regions or
white matter tracts and bone measures across multiple genomic loci. Only brain
regions or WM tracts with more than five significant local genetic correlations
(Bonferroni-corrected significance; rawp < 1.17 × 10−6; two-sided) are displayed. The
text within the matrix cells denotes the genomic regions where brain measures
exhibit significant local genetic correlations with bone measures. Brain schematics
were generated by cerebroViz (https://ethanbahl.github.io/cerebroViz/).
B Examples of genetic pleiotropy between bone measures, brain structure, and

brain-related disorders.Within the 11p14.1 region (left), a genetic locus is associated
with both headbonemineral content (BMC) andglobal brain volume,withBayesian
colocalization analysis suggesting strong support for a shared causal signal [pos-
terior probability (PPH4) = 0.973].Within the 6p22.1 region (right), colocalization is
observed between pelvis bone mineral density (BMD) and major depressive dis-
order (PPH4=0.888). Colors represent the level of linkage disequilibrium (LD, r²)
between the index SNP of the bone GWAS and neighboring variants. F factor, SNP
single-nucleotide polymorphism.
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bone-brain genetic correlations involving 11 disorders (Supplementary
Data 29 and S33). Of these, five associations were additionally sup-
portedbyMR (SupplementaryData 46). Notably, four of thefive causal
relationships exhibited effect directions consistent with their corre-
sponding genetic correlations, with positive associations for alcohol
dependence, OCD, and ADHD, and negative associations for MS.

Robustness and sensitivity analyses were conducted to evaluate
the potential impact of weak instrument bias and horizontal pleio-
tropy. Instrumental strength was examined using the mean F-statistic
for each set of instrumental variables (IVs), and for all significant
associations the mean F-statistic exceeded 30 (Supplementary
Data 46), indicating that weak instrument bias was unlikely to
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Fig. 6 | Causal relationships between bone measures and brain disorders.
A Forest plot illustrating significant putative causal effects of bone measures on
brain disorders that passed Bonferroni correction (raw p < 5 × 10−5). B Forest plot
illustrating significant putative causal effects of brain disorders on bone measures
that passed Bonferroni correction (raw p < 6.68 × 10−5). Points represent causal
effect estimates (rawβ), and error bars indicate 95% confidence intervals. Statistical
estimates were obtained using fixed-effect IVW for two or three independent var-
iants (IVs) and multiplicative random-effects IVW when more than three IVs are

available. Only effect estimates that consistently show the same direction across
IVW and nine additional MR methods, and are significant in at least one of these
methods, are considered significant. Brain disorder GWAS data sources and details
are provided in Supplementary Data 45. The color of the boxes on the y axis
corresponds to genomic factors of bone measures. All P values were derived from
two-sided tests. BMC bone mineral content, BMD bone mineral density, F factor, L
left, R right.
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dramatically affect the causal estimates. We additionally performed
multivariable Mendelian randomization (MVMR)81 to estimate the
direct effects of bone measures on brain disorders, while accounting
for potential pleiotropic pathways operating through metabolic,
inflammatory, and gut microbiota factors. Across the 1439 factors
examined, the significant causal relationships remained robust after
adjustment (p <0.05), although some effect sizes were modestly
attenuated (Supplementary Data 47).

Discussion
Recent studies have increasingly recognized the importance of the
skeletal system in overall health, providing substantial evidence for
bone–brain associations82,83. However, existing research has often
overlooked how anatomical complexity and diversity contribute to
regional variations in function and susceptibility across both bone and
brain. In this study, we performed a comprehensive analysis of bone-
brain associations in approximately 45,000 UK Biobank participants,
identifying a total of 8519 phenotypic associations that were dis-
proportionately distributed across different anatomical categories of
bone and brain. We further characterized the genetic architecture of
bone structures across diverse anatomical locations, identifying seven
novel genetic loci. Through genome-wide, pathway, locus and single-
variant level analyses, we revealed both shared and distinct genetic
overlaps between different anatomical categories of bone structures
and a range of brain-related traits and disorders.

Research onbone-brain associations has typically focused on how
bone-derived signals influence specific brain regions (e.g., the
hippocampus)16,84, or how brain-derived signals impact skeletal
homeostasis or specific bones (e.g., the femur)13,85. Our findings not
only identified widespread in vivo bone–brain associations, but also
revealed that the presence and strength of these associations are
shaped by anatomical complexity and diversity. For example, the head
exhibited the highest proportion of associations with the brain,
approximately 1.5 times greater than the trunk, while the upper limb
demonstrated the strongest overall associations. Additionally, sub-
cortical brain regions exhibited a higher proportion of associations
with bone than cortical regions and WM, consistent with animal stu-
dies that highlight the pivotal role of subcortical regions, particularly
the hypothalamus, in bone remodeling and health13,86. Within the
hypothalamus, our analysis further revealed heterogeneous associa-
tions across subregions, with the posterior hypothalamus, a key reg-
ulator of sympathetic responses and energy balance7,87, exhibiting the
strongest associations with bone.

More broadly, the strength of bone–brain associations varied
across cortical and subcortical regions, forming a graded distribution
from strong to subtle effects. Given the large sample size, evenmodest
associations likely capture true but small-scale biological coupling.
This spatial gradient may thus reflect underlying organizational prin-
ciples of bone–brain communication. Supporting this interpretation,
we found that the spatial variation in association strength across cor-
tical regions correlated with gradients of GABAA and 5HT-1b receptor
density, suggesting distributed bone–brain associations and impli-
cating neurotransmitter systems involved in neuronal excitability,
synaptic transmission, and neuropsychiatric disorders88–91. Previous
studies suggested that GABAergic circuits and brain-derived serotonin
regulate bone metabolism14,52,92, while bone-derived hormone osteo-
calcin can in turn modulate these neurotransmitters16,93. Our findings
thus underscore the importance of accounting for anatomical com-
plexity and diversity in future research and suggest that neurochem-
ical signaling may partially mediate the effects of anatomical
complexity on bone-brain associations.

Interestingly, higher BMD/BMC was associated with reduced
cortical surface area and volume but increased cortical thickness,
which may reflect distinct neurobiological processes underlying cor-
tical surfacearea and thickness. According to the radial unit hypothesis

of cortical expansion, the extent and timing of neurogenesis and
migration of neurons from the embryonic proliferative zone differ-
entially shape cortical thickness and surface area94. These develop-
mental pathways may be further influenced by genetic factors.
Consistent with this framework, large-scale imaging-genetics studies
have demonstrated a strong genetic correlation between cortical
volume and surface area, but little to no genetic correlation between
surface area and cortical thickness95. This implies that cortical volume
is primarily driven by surface area rather than thickness, providing a
potential explanation forwhy cortical volume and surface area showed
similar directions of association with bone measures, whereas cortical
thickness largely showed the opposite pattern. Additionally, BMD or
BMC was positively associated with white matter FA and negatively
associated withMD and ISOVFmeasures. Although these effects differ
in statistical sign, their biological implications are consistent: higher FA
together with lower MD and ISOVF reflect greater WM integrity,
including more coherent axonal organization, reduced extracellular
free water, and preserved myelination96.

Although previous studies have identified numerous genetic sig-
nals associated with BMD and BMC40,60–62,97,98, it remains unclear whe-
ther these genetic signals vary across anatomical locations. In our
large-scale GWAS of BMD and BMC, we identified 393 independent
genetic loci across 50bonemeasures, including 7 novel loci and 18 that
did not reach genome-wide significance in previous studies. These loci
exhibited both shared and distinct genetic associations across anato-
mical locations, with the head and lower limb showing highly location-
specific signals. Additionally, the bifactormodel, which classified bone
measures into one general and five specific genomic factors, provided
a more accurate representation of the genetic relationships among
bone measures compared with traditional anatomical categories.
Notably, leg measures in the lower limb were genetically more similar
to upper limb measures than to femur measures within the same
anatomical categories, likely reflecting shared functional demands.
Both the upper limb and legs undergo repetitive, dynamic mechanical
loading during daily activities, such as walking, running, and lifting,
leading to similar bone remodeling processes driven by
overlapping genes.

Clinical research has established a strong relationship between
bone structure and a wide range of brain-related traits or
disorders69,99–101. Our study reinforced this connection by revealing
both genome-wide and local genetic correlations. The genetic corre-
lation patterns were largely consistent with our phenotypic findings,
suggesting that bone-brain associations are influenced by genetic
predispositions.

Moreover, MR analysis identified bidirectional causal effects
between bone measures and brain disorders, indicating that bone
structure may influence the risk of psychiatric conditions, while neu-
rodevelopmental and neurodegenerative disordersmay, in turn, affect
bone health. Notably, our findings challenge the traditional view that
higher BMD or BMC invariably protects brain health102,103. Instead,
increasedBMDorBMCmay, in certain cases, elevate the riskof specific
disorders, such as alcohol dependence and OCD. Although the
underlying mechanisms remain unclear, one possible explanation is
that bone-derived hormones differentially regulate brain regions with
varying susceptibility to neurological and psychiatric disorders, a
pattern reflected in the phenotypic and genetic bone-brain associa-
tions identified in our study. Mechanistic interpretations will require
further validation through studies that integrate bone-derived bio-
markers, region-specific gene expression, and clinical outcomes.
Overall, disruption of the complex and dynamic interactions between
bone and brain, where abnormalities in either system impair bidirec-
tional communication, may have broad consequences for overall
health103–107. A holistic understanding of these interactions is critical for
developing timely prevention and targeted intervention strategies to
maintain both skeletal and brain function.
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The genes harboring shared genetic signals between bone mea-
sures and brain structures or disorders were primarily enriched in the
canonical Wnt signaling pathway or involved in its regulation. This
developmental pathway is essential for controlling bone formation
and maintaining bone homeostasis, while also playing a pivotal role in
dendritic arborization, neurotransmission, and synaptic plasticity in
the brain8. Recent animal studies have provided compelling evidence
that dysregulated Wnt signaling underlies both bone disorders and
neurodegenerative diseases15,108–110, and our findings further supported
its conserved role inbone-brain connections.We also identified shared
genes central to autophagy, including ATG13 and AMBRA1. Autophagy
is essential for maintaining cellular homeostasis and has been impli-
cated in both neurodegenerative diseases and osteoclast-mediated
bone remodeling. Moreover, autophagy interacts with key develop-
mental pathways, particularly the canonical Wnt signaling pathway, to
coordinate proliferative responses111. Together, these results indicate
that bone-brain connections may be governed by a complex reg-
ulatory network, in whichWnt signaling and other biological pathways
are integrally linked to maintain cellular homeostasis and coordinate
the development and function of both skeletal and neural systems.

Our findings provide several potential clinical and translational
implications. First, standard bone density indicators could serve as
early, accessible markers for neuropsychiatric risk, as skeletal altera-
tions in specific anatomical regions correspond to distinct brain-
disorder profiles. Future work could explore whether integrating
routine skeletal screening with neuropsychiatric risk assessment could
improve early detection. Second, sinceboth low andhighbone density
were associated with elevated risk for different brain disorders,
defining an optimal, health-promoting range for bone metabolism
across the lifespan emerges as an important goal. Third, although
shared pathways identified in our analyses, such as Wnt signaling,
suggest possible biological intersections between bone and brain,
direct therapeutic translation remains speculative. For example, while
BDNF supports both neuronal function and bone formation112–114, its
relevance as a therapeutic target in bone-brain contexts is unknown
and will require systematic experimental validation. Finally, future
research should prioritize elucidating the molecular mediators of
cross-system communication, employing longitudinal designs and
multi-omics integration to map how perturbations in one system
propagate to the other.

Several limitations should be considered when interpreting our
findings. First, while BMD and BMC are routinely measured in clinical
settings and serve as established indicators of bone health50, they may
not fully capture the multifaceted characteristics of bone. Future
research should consider incorporating additional measures relevant
to bone health, such as skeletal proportions. Second, the cross-
sectional design of this study limits our ability to capture dynamic
changes in bone and brain across the lifespan. Both systems undergo
continuous development, remodeling, and degeneration, and their
interplay may be characterized by key milestones or transitional pha-
ses that are challenging to identify through cross-sectional analysis.
Longitudinal studies are thus essential to uncover these milestones
and provide insights into the temporal dynamics of bone-brain asso-
ciations. Third, our interpretations of the biological mechanisms
underlying bone–brain associations are constrained by the limitations
of the reference knowledge bases. Further exploration and validation
are needed, particularly regarding how environmental factors mod-
ulate genetic effects. Finally, our cross-ancestry replication analyses
were exploratory and limited by small sample sizes in the non-
European cohorts. As a result, we cannot fully distinguish the relative
contributions of reduced statistical power and ancestry-specific
genetic effects. Larger non-European cohorts will be essential to sys-
tematically characterize the shared and ancestry-specific genetic
factors.

In summary, this study represents a comprehensive in vivo char-
acterization of bone-brain associations, revealing how anatomical
complexity and heterogeneity shape their relationship. Our analysis
highlights the critical involvement of genetic predisposition and cor-
tical microarchitecture in shaping these associations, offering novel
insights into the mechanisms linking the two systems with greatly
improved anatomical and genomic resolutions. These findings
enhance our understanding of the comorbidity between physical and
mental health and hold the potential for guiding the development of
future inter-organ therapeutic strategies aimed at addressing bone
and brain disorders.

Methods
Participants
All individual-level data used in the current study were obtained from
the UK Biobank (UKB) under application ID 71901 (https://www.
ukbiobank.ac.uk). Ethical approval for UKB was granted by the North
West Multi-Centre Research Ethics Committee. All participants pro-
vided informed consent at recruitment. The UKB is a prospective
population-based study comprising approximately 500,000 indivi-
duals recruited across Great Britain. All participants provided written
informed consent. During the initial assessment stage (2006–2010), all
participants visited one of the assessment centers, where demo-
graphics, health-related outcomes, and biological samples were col-
lected. A subset of approximately 50,000 participants was invited to
follow-up imaging assessments starting in 2014, which included dual-
energy X-ray absorptiometry (DXA) and magnetic resonance imaging
(MRI) scans. This study primarily used genotypedata from thebaseline
visit and bone DXA and brain MRI data from the imaging visit.

Bone and brain imaging measures
Both whole-body and location-specific bone mineral density (BMD)
and bone mineral content (BMC) levels were measured using an iDXA
instrument (GE-Lunar, Madison, WI). See https://biobank.ndph.ox.ac.
uk/showcase/ukb/docs/DXA_explan_doc.pdf for detailed information
on the acquisition procedure. We included 50 quality-controlled DXA
measures provided by the UKB, comprising 23 BMC and 27 BMD
measures, each with a sample size exceeding 20,000. BMC represents
the total mineral content within the scanned bone area, while BMD is
calculated by dividing the BMC by the area size. These measures were
anatomically categorized into five groups (Supplementary Data 1):
head (n = 2), trunk (n = 10), upper limb (n = 6), lower limb (n = 28), and
whole body (n = 4).

Weusedquality-controlledT1-weighted structuralMRI (sMRI) and
diffusion MRI (dMRI) data collected by the UKB. Brain images were
acquired using a Siemens Skyra 3 T scanner, equipped with a standard
Siemens 32-channel RF receive head coil. All data were preprocessed
by the UKB brain imaging team. Detailed information on imaging
acquisition and processing is available on the UKB website (http://
biobank.ctsu.ox.ac.uk/crystal/refer.cgi?id=2367; https://biobank.
ndph.ox.ac.uk/showcase/showcase/docs/brain_mri.pdf). In this study,
we included 488 brain structural measures categorized into ten
groups: cortical volume (n = 62), cortical surface area (n = 62), cortical
thickness (n = 62), subcortical volume (n = 14), fractional anisotropy
(FA; n = 48), diffusion tensormode (MO; n = 48), mean diffusivity (MD;
n = 48), orientation dispersion (OD; n = 48), intra-cellular volume
fraction (ICVF; n = 48), and isotropic volume fraction (ISOVF; n = 48).
The 186 sMRI-derived cortical measures, calculated using the Free-
Surfer tool, represent three morphological features (surface area,
thickness, and volume) of 62 cortical regions anatomically defined by
the Desikan–Killianny–Tourville (DKT) atlas115. Fourteen sMRI-derived
subcortical measures capture the volume of 14 subcortical regions
segmented with the FMRIB’s Integrated Registration and Segmenta-
tion tool (FIRST)116. 288 dMRI-derived white matter (WM) measures,

Article https://doi.org/10.1038/s41467-026-73428-y

Nature Communications |         (2026) 17:6789 13

https://www.ukbiobank.ac.uk
https://www.ukbiobank.ac.uk
https://biobank.ndph.ox.ac.uk/showcase/ukb/docs/DXA_explan_doc.pdf
https://biobank.ndph.ox.ac.uk/showcase/ukb/docs/DXA_explan_doc.pdf
http://biobank.ctsu.ox.ac.uk/crystal/refer.cgi?id=2367
http://biobank.ctsu.ox.ac.uk/crystal/refer.cgi?id=2367
https://biobank.ndph.ox.ac.uk/showcase/showcase/docs/brain_mri.pdf
https://biobank.ndph.ox.ac.uk/showcase/showcase/docs/brain_mri.pdf
www.nature.com/naturecommunications


extracted using tract-based spatial statistics (TBSS) analysis, char-
acterize six different properties of 48 WM tracts anatomically defined
by the Johns Hopkins University (JHU) atlas (ICBM-DTI-81)117.

Phenotypic bone–brain associations
To investigate the phenotypic associations between bone and brain,
we performedpairwise linear regression for each pair of boneDXA and
brain MRImeasures, treating bonemeasures as independent variables
and brain measures as dependent variables. The primary analysis was
conducted using a discovery dataset comprising 35,089 white British
individuals of European ancestry [Field-ID (FID) 22006] as determined
by genetic principal component analysis (FID 21000). An independent
validation dataset, comprising 4257 non-white British Europeans, was
used to replicate the significant bone-brain phenotypic associations
identified in the discovery dataset118.

For all pairs, we adjusted for the effects of sex, age, age squared,
sex-by-age interactions, sex-by-age squared interactions, total brain
volume, the volumetric scaling factor from T1-weighted head images
to standard space, and several anthropometric measures (height, sit-
ting height, weight, hip circumference, waist circumference, body
mass index, and lean bodymass). Additionally, we included covariates
for the presence of disability or infirmity, overall health rating, history
of long-standing illness, smoking status, drinking frequency, Town-
send deprivation index, assessment center location, and the position
of the brain in the scanner. We also adjusted for the top 40 genetic
principal components (PCs) provided by the UKB to account for
potential population stratification. For each variable in the linear
regression, outliers, defined as values outside four standard deviations
from themean, were removed from the analysis. Continuous variables
were standardized to facilitate interpretation, and categorical variables
were coded as dummy variables. Significant bone-brain association
pairs were reported at the Bonferroni-corrected significance level
(p < 2.05 × 10−6, across 50 × 488 tests).

Annotations of cortical microarchitecture
To explore the biological mechanisms underlying cross-regional
variability in the strength of associations between cortical surface
area or thickness and bone measures, we examined their spatial cor-
relations with the cross-regional variability in cortical micro-
architecture. We focused on cortical surface area and thickness
measures in this analysis, as these metrics are largely orthogonal and
key determinants of cortical volume.

We utilized 30 corticalmicroarchitecturemaps that represent the
spatial distribution of neurotransmitter receptors and transporters,
cortical microstructure, and cell type-specific gene expression pat-
terns, sourced from previous studies (see Supplementary Data 6 for
details). These maps were derived from various modalities, including
MRI scans, positron emission tomography (PET), and microarray data.
Specifically, we included 19 maps of neurotransmitter receptors and
transporters across nine neurotransmitter systems: serotonin (5-HT1a,
5-HT1b, 5-HT2a, 5-HT4, 5-HT6, 5-HTT), dopamine (D1, D2, DAT), nor-
epinephrine (NET), acetylcholine (α4β2, M1, VAChT), histamine (H3),
cannabinoid (CB1), opioid (MOR), glutamate (mGluR5, NMDA), and
GABA (GABAa). When multiple maps for the same neurotransmitter
receptor or transporter were available, they were averaged into a sin-
gle map, weighted by the sample size of each dataset. We also incor-
porated microstructure maps, including cortical myelin (a proxy
measure derived from the T1w/T2w ratio of MRI), the first PC of gene
expression, the first PC of neurotransmitter receptors and transpor-
ters, and synapse density. We included cell type-specific gene
expression maps for seven cell types: astrocytes, endothelial cells,
microglia, oligodendrocyte precursors, excitatory neurons, inhibitory
neurons, and oligodendrocytes. These maps were generated by aver-
aging the expression levels of genemarkers preferentially expressed in
each cell type (see Supplementary Data 48 for details on cell-specific

gene markers). The gene markers were curated from five single-cell
transcriptomic studies119–123 conducted onhumanpostmortem cortical
samples, ensuring robustness by minimizing biases associated with
acquisition methodologies, analytical processes, or thresholding cri-
teria. A detailed description can be found in the study by Seidlitz and
colleagues124. The expression levels of genes were derived from the
Allen Human Brain Atlas (AHBA), a transcriptional atlas developed by
the Allen Institute125. The AHBA consists of 3702 spatially distributed
tissue samples collected from the brains of six healthy adult donors
with no history of psychiatric or neuropathological disorders. Gene
expression data were preprocessed using the abagen toolbox126 fol-
lowing standard procedures. First, probes were filtered to distinguish
true expression signals from background noise, excluding those with
intensities below the background threshold in ≥50% of samples across
donors. For genes indexed by multiple probes, the probe demon-
strating the most consistent pattern of regional variation across
donors was retained. To enhance spatial coverage, right hemisphere
samples were reflected to their contralateral position in the left
hemisphere, and vice versa, when necessary, given minimal later-
alization in microarray gene expression125. Samples were assigned to
brain regions defined by the DKT atlas if their MNI coordinates fell
within 2mm of a given region. For brain regions without any assigned
samples, expression values were imputed using the nearest tissue
sample based on Euclidean distance. Inter-donor variability was
addressed by normalizing the expression values across genes using a
robust sigmoid function, followed by min-max normalization across
samples matched to the same brain region. Finally, samples assigned
to the same brain region were averaged separately for each donor and
then across donors, yielding an expression matrix of 15,633 genes
across 62 cortical regions.

We averaged the 50 bone–brain correlation coefficients for each
cortical region, resulting in a region-wise map (nregion = 62) that cap-
tures the cross-regional variability in the strength of association
between bone and brain. The microarchitecture maps were trans-
formed into the same coordinate space using the neuromaps
package55. We then assessed the spatial correlations between the two
(surface area and thickness) bone–brain correlation maps and the 30
microarchitecturemaps using Pearson correlation analyses. Statistical
significance was determined using the BrainSMASH package57, which
corrects for spatial autocorrelation by incorporating a spatially con-
strained null model. Specifically, we generated 10,000 surrogate brain
maps matching the spatial autocorrelation pattern of the bone-brain
correlation maps, and calculated the Pearson correlation between
eachmicroarchitecturemap and the surrogate brainmap. The p-value
was defined as the proportion of surrogate-derived correlation values
exceeding the empirical correlation value. We reported significant
correlations at a false discovery rate (FDR) threshold of 5% (across 2
bone–brain correlation maps × 30 microarchitecture maps).

Using the same procedure, we also assessed the spatial correla-
tions of bone-brain correlation maps with maps representing cortical
expansion variability during development and evolution, as well as the
evolutionary conservatism of the brain’s functional hierarchy (Sup-
plementaryData 6). Briefly, developmental cortical expansion refers to
the growth of cortical surface area from term birth to adulthood,
quantified by dividing the mean fractional areal map of adults by that
of term infants, where the fractional areal map represents the pro-
portion of total cortical surface occupied by each region. Evolutionary
cortical expansion is defined analogously, except that the comparison
is made between adult humans and nonhuman primates rather than
between adults and infants. The functional evolution hierarchy reflects
the evolutionary organization of the brain’s functional architecture.
The human cortex is organized along a hierarchical gradient, in which
unimodal sensory areas progressively integrate into higher-order,
transmodal regions supporting abstract and complex cognition.
Regions that show a higher position in this hierarchy in humans
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compared to macaques are considered to have greater functional
evolutionary advancement. In general, higher-order cognitive regions
exhibit higher functional evolution hierarchy scores.

Quality control for genetic data
Imputed genetic data for 488,377 participants, along with a range of
quality control (QC)metrics, were obtained from the UKB (FID 22828).
We restricted our analysis to white British individuals of European
ancestry (FID 22006),whounderwent a boneDXAscan, had fewer than
ten third-degree relatives identified (FID 22021), did not have sex
chromosome aneuploidy (FID 22019), and were not flagged as outliers
for heterozygosity ormissing rates (FID 22027). This resulted in 39,072
participants in the discovery dataset. We then removed single-
nucleotide polymorphisms (SNPs) with a minor allele frequency
(MAF) < 0.5%, a genotyping rate <90%, the Hardy-Weinberg equili-
brium test p < 1 × 10−7, and imputation INFO scores <0.5.

GWAS of bone measures
Genome-wide association studies (GWAS) for the 50 bone measures
were performed using REGENIE v3.2.6 (https://rgcgithub.github.io/
regenie)127. REGENIE employs a two-step approach to account for
population structure and sample relatedness. In the first step, a whole-
genome regressionmodelwas built to predict the phenotype based on
genotyped variants using a leave-one-chromosome-out (LOCO) strat-
egy. The genetic predictor derived from this step was then used as an
offset in the second step, where variant association analysis was per-
formed on the imputed SNPs via standard linear regression. The cov-
ariates included in both steps were sex, age, age squared, sex-by-age
and sex-by-age squared interactions, height, weight, body mass index
(BMI), genotype measurement batch, and the top 40 genetic PCs
provided by the UKB.

To validate our findings, we used three independent datasets,
excluding relatives of the discovery sample. Thefirst validation dataset
consisted of 4720 non-white British Europeans118. Additionally, we
validated the findings in two non-European cohorts: an East Asian
cohort (UKBEAS,N = 214) and anAfrican cohort (UKBAFR,N = 381). For
all validation analyses, we adjusted for the top 10 genetic PCs.

We used LD score regression v.1.0.1 (https://github.com/bulik/
ldsc)64, with a pre-computed European LD reference panel built from
the 1000Genomes Project, excluding the major histocompatibility
complex (MHC) region (chromosome 6: 25–34Mb), to estimate the
SNP-based heritability for each bone measure. We also assessed the
intercept of the regression to ensure that inflation in test statistics can
be largely attributed to polygenicity rather than confounding factors
such as population stratification, cryptic relatedness, and model
misspecification.

We used FUMA128 v1.6.1, an online platform designed for annotat-
ing, prioritizing, and interpretingGWAS results, to identify genomic loci
and perform functional annotation. SNPs with genome-wide sig-
nificancewere identifiedusing aBonferroni-correctedp-value threshold
of 1 × 10−9 (across 50 bone measures), and an LD threshold of r2 < 0.6.
Variants in strong LDwith a significant SNPwere grouped into the same
locus. Lead SNPs within each locus were further refined using a more
stringent LD thresholdof r2 < 0.1. Genomic regionswithdistancesof less
than 250 kb were merged into a single locus. Loci with overlapping
boundaries were merged, and the SNP with the smallest p-value within
each merged locus was retained as the representative tag SNP. We
compared the start and end positions of identified loci to those
reported in prior GWAS40,60–63. A genomic locus was considered novel if
its boundary did not overlap with any variants reaching a suggestive
significance threshold (p < 5 × 10−6) inpriorGWASofbonemineral traits.

Genomic SEM
Genomic structural equation modeling (Genomic SEM) (https://
github.com/GenomicSEM/GenomicSEM)66 was used to model latent

genomic factors of bone measures based on their genetic similarity.
We first constructed a genetic covariance matrix for 46 local bone
measures using linkage disequilibrium score regression (LDSC)70,
excluding 4whole-bodymeasures. Variantswithin theMHC region and
those with imputation INFO scores below 0.9 were excluded. The
estimated genetic covariancematrixwas then smoothed to the nearest
positive definite matrix using the Higham algorithm. The smoothed
genetic covariance matrix was standardized to derive the genetic
correlation matrix.

Next, we used the parallel, Kaiser, and optimal coordinates
methods from the nFactors R package to determine the number of
latent genomic factors that best represented the data, given the
genetic correlation matrix. All three methods consistently suggested
five factors. We thus conducted a five-factor exploratory factor ana-
lysis (EFA) using the Promax rotation (i.e., correlated factors) within
the psych R package. We then fitted four types of confirmatory factor
analysis models using Genomic SEM. The first model was a common
factor model, in which all measures loaded onto a single factor. The
secondmodel consisted of five correlated factors. Individualmeasures
were assigned to a factor if their standardized loading exceeded 0.5.
Measures with loadings below 0.5 on all factors were assigned to the
factorwith the highest standardized loading. Nomeasure had loadings
greater than0.5 acrossmultiple factors, eliminating the need for cross-
factor loadings. The thirdmodel was a bifactor model, which included
a general factor capturing the shared variation across all measures,
alongside five specific factors learned from the second model to
account for covariation not explained by the general factor. All factors
were constrained to be orthogonal (i.e., factor correlations were fixed
to 0). The fourthmodel was a hypothesis-driven bifactormodel, which
tested whether shared variation across measures could be explained
by their anatomical categories. In this model, measures were grouped
into four specific factors according to their anatomical categories. For
all models, factor variances were fixed to 1 to ensure identification.
Based on goodness-of-fit indices, including the highest comparative fit
index (CFI) and lowest χ2, Akaike information criterion (AIC), and
standardized root mean square residual (SRMR) values, the bifactor
model provided the best fit and was selected as the final model.

Gene mapping
We performed gene-level association analysis using MAGMA (version
1.08)67 under default settings, assigning SNPs to genes using a 0 kb
window. A sensitivity analysis was conducted using a ± 10 kb annota-
tion window. The locations of protein-coding genes were obtained
from NCBI Build 37. The 1000 Genomes Project phase 3 reference
panel was used to calculate LD across SNPs and genes. A total of 19,110
protein-coding genes were included in the analysis. We applied a
Bonferroni-corrected significance threshold of 5.23 × 10−8 (correction
across 50 bone measures × 19,110 genes) to account for multiple
testing.

In addition to MAGMA positional mapping, we performed func-
tional gene mapping using the FUMA platform128. In FUMA, function-
ally annotated SNPs were mapped to genes based on three criteria: (1)
physical position (window size = 10 kb), and (2) eQTL associations
from GTEx muscle skeletal tissues (v6–v8), with an FDR threshold of
0.05, and (3) chromatin interaction mapping using a mesenchymal
stem cells-derived osteoblasts dataset129. Only protein-coding genes
were considered, and the MHC region was excluded from annotation.
All other FUMA mapping settings were kept as default.

Enrichment analysis
MAGMA gene set analysis was used to explore the functional and
biological mechanisms underlying the genetic components of the 50
bone measures. We tested 10,519 Gene Ontology (GO)130 gene sets
from theMolecular Signatures Database (MsigDB, version 2023.1Hs)131,
including sub-collections for biological process (BP), cellular
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component (CC), and molecular function (MF). The gene set analysis
was conducted using the default competitive model, which evaluates
whether the joint association within a gene set is stronger than that
observed in a randomly selected set of genes. Significant findings were
reported at an FDR threshold of 5% (across 50 bone measures × 10,519
gene sets).

We also performed stratified LD score regression68 to assess her-
itability enrichment for bone measures, utilizing genetic variant
annotations of tissue types and cell type-specific regulatory elements
from the Roadmap Epigenomics Consortium132. A total of 396 reg-
ulatory elements across 88 adult and fetal tissues or cell types were
examined, including DNase I hypersensitivity and activating histone
markers (H3K27ac, H3K4me3, H3K4me1, H3K9ac, and H3K36me3).
These 88 primary tissues or cell types were organized into 19 cate-
gories based on their tissue origins. Baseline models were used in the
calculation of enrichment scores for each annotation. Significant
findings were reported at an FDR threshold of 5% (across 50 bone
measures × 396 regulatory elements).

Global and local genetic correlations between bone and brain
Weused LDSC70 v.1.0.1 to assess pairwise genetic correlations between
50 bone measures and 70 human complex traits and disorders,
encompassing psychological traits, physical conditions, and brain and
musculoskeletal disorders (Supplementary Data 28). We used the pre-
calculated LD scores and weights derived from the 1000 Genomes
Project European samples. The analysis focused on HapMap3 variants,
excluding variants located within the MHC region. Significant genetic
correlations were reported at an FDR threshold of 5% (across 50 bone
measures × 70 phenotypes).

We used the Local Analysis of [co] Variant Association (LAVA)72

package to evaluate pairwise local genetic correlations between the 50
bone measures and 21 brain disorders (a subset of the 70 complex
traits), as well as 488 brainmeasures with default settings. LAVA yields
stable local genetic correlation estimates and uses a pre-defined LD-
block partition that supports reproducible genome-wide exploration.
Previous studies133,134 have demonstrated thatmany brain disorders are
highly polygenic and tend to exhibit mixed genetic correlation effects
(i.e., both positive and negative correlations across different loci). We
thus focused on brain disorders in this analysis. LAVA quantifies
genetic correlations across 2495 semi-independent genetic loci, each
approximately 1Mb in size, enabling the detection of mixed-effect
directions even when the global genetic correlation is minimal. In this
study, we first conducted univariate analysis to select loci with sig-
nificant local heritability for each trait (p < 2.00 × 10−5, corrected across
2495 genetic loci). We then conducted bivariate tests for selected loci
and trait pairs to examine their local genetic correlations at the
Bonferroni-corrected significance level (p < 9.78 × 10−7 for brain dis-
orders, across 51,110 locus–bone–brain pairs; p < 1.17 × 10−6 for brain
measures, across 42,737 locus–bone–brain pairs).

Polygenic risk scores
We used PRS-CS71,135 to construct polygenic risk scores (PRS) for 50
bone measures using GWAS summary statistics from the discovery
dataset. The “auto” mode of PRS-CS was used with default settings,
which allowed all model parameters to be learned fromdata through a
fully Bayesian approach, eliminating the need for a validation dataset.
As a benchmark, the prediction accuracy of the bone PRS for the
corresponding bonemeasure was assessed using incremental r² in the
independent validation cohort of European ancestry (N = 4720). Spe-
cifically, for each bone measure, two linear regression models were
constructed: one that included the corresponding PRS along with
covariates (age, age squared, sex, sex-by-age and sex-by-age squared
interactions, and the top 40 genetic PCs); the other that used only the
covariates. The incremental r² was then calculated by subtracting the

r² value of the covariate-only model from the r² value of the full model
that included both covariates and PRS.

White British individuals of European ancestry in the UKBwho did
not have boneDXA data andwere unrelated to the bone GWAS sample
were used to evaluate the associations between the PRS of 50 bone
measures and204complexphenotypes across 14 categories, including
cognitive ability, education, personality, mental health, disease, pain,
medical conditions, diet preferences, sleep, employment, body com-
position, hand grip, physical activity, and smoking or alcohol use
(Supplementary Data 31). After preprocessing the phenotype data,
linear regression models were used, with the complex phenotype as
the dependent variable and the PRS as the independent variable of
interest. Covariates in the models included age, age squared, sex, sex-
by-age and sex-by-age squared interactions, and the top 40 genetic
PCs. Continuous variables were standardized to facilitate interpreta-
tion. We reported significant predictions at the Bonferroni-corrected
significance level (p < 4.90 × 10−6, across 50 bone measures × 204
complex phenotypes).

Enrichment analysis for genes related to both bone and brain
To identify genetic variants underlying both bone and brain, we sear-
ched the NHGRI-EBI GWAS Catalog73 (version e110_r2023-07-20;
https://www.ebi.ac.uk/gwas) for SNPs that are associated with both
bonemeasures andbrain-related traits anddisorders. These SNPswere
then mapped to genes based on their physical positions using
MAGMA, resulting in the identification of 58 overlapping genes. We
performed enrichment analysis on these genes using the clusterPro-
filer package136 to gain deeper insights into the biological pathways
underlying the bone-brain associations. This functional annotation
tool allowed us to test the enrichment of GO terms across BP, MF, and
CC categories, as well as the terms from the Kyoto Encyclopedia of
Genes and Genomes (KEGG) pathway database137. Significant results
were reported at an FDR threshold of 5%.

Since the SNPs used to identify overlapping genes may not
represent true causal variants, fine-mapping was additionally per-
formed to prioritize variants with higher posterior probabilities of
causality. Fine-mapping was conducted for all 50 bonemeasures using
susieR (v0.14.2)within ±1.5Mbwindows centeredon the lead variant of
eachgenomic locus138. Overlappingwindowsweremerged into a single
fine-mapping region. The SuSiEmodelwasfitted using an in-sample LD
matrix calculatedwith PLINK 2.0 from the same individuals included in
the GWAS. The MHC region was excluded due to its complex LD
structure. SuSiE estimated the posterior inclusion probability (PIP) for
each SNP and constructed 95% credible sets, assuming a maximum of
10 causal variants per locus. SNPs located within credible sets with
PIP > 0.10 and annotated as non-synonymous or untranslated region
(UTR) variants were then mapped to genes. The enrichment analysis
was subsequently rerun using these prioritized genes, with all para-
meter settings consistent with the primary analysis.

Drug query
We assessed the druggability of 17 overlapping genes between bone
and brain that are involved in the canonical Wnt signaling pathway,
using the Drug-Gene Interaction Database (DGIdb)139 and Druggable
Genome database74. Druggable genes were then mapped to candidate
compounds based on target chemical information for both approved
or experimental medications from DrugBank (https://go.drugbank.
com) and the Therapeutic Target Database (https://idrblab.net/ttd/).
To prioritize potential drugs targeting the canonical Wnt pathway-
related genes in bone and brain, we utilized the Gene2Drug package78.
This drug repositioning tool integrates curated pathway annotations
with transcriptional responses to 1309 drug treatments from the
Connectivity Map, and conducts gene set enrichment analysis to
assess drug-induced upregulation or downregulation of pathways
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involving the input gene. Drugs were considered significant if they had
a Bonferroni-corrected p-value less than 2.24 × 10−6 (corrected across
1309 drugs × 17 genes) and an absolute enrichment score (EScore)
greater than 0.8. For each gene, up to three predicted drugs were
reported.

Colocalization of GWAS signals between bone and brain
To investigate whether overlapping genetic signals between bone
measures and phenotypes identified in the NHGRI-EBI GWAS Catalog
reflect shared underlying causal signals, we performed Bayesian
colocalization analysis79 using COLOC (R package, version 5.2.3). Our
analysis focused on publicly available GWAS summary statistics for
brain MRI measures, as well as bone and brain-related traits and dis-
orders. GWAS with non-European samples, small sample sizes
(N < 10,000), and poor data quality (e.g., lacking effect sizes or insuf-
ficient SNP counts) were excluded. For each colocalization analysis, we
examined genomic regions that included all variants within a ± 250kb
window centered around the index variant for each bone measure.
Phenotypes with an SNP overlap ratio less than 0.5 were excluded.
COLOC evaluates five hypotheses: H0, no association with either trait;
H1, bone measure association only; H2, phenotype association only;
H3, associations with both traits but driven by two distinct variants;
H4, associationswith both traits attributable to a shared causal variant.
Evidence of colocalization was defined as a posterior probability of
shared causal variants (PPH4) exceeding 0.8. LocusZoom (http://
locuszoom.org/) was used to generate regional plots for colocalized
signals.

Mendelian randomization
We appliedMendelian Randomization (MR)80 to evaluate the potential
causal relationships between 50 bone measures and 20 brain dis-
orders, including mental and behavioral disorders, nervous system
disorders, and sleep disorders (Supplementary Data 45). With the
exception of anorexia nervosa, all GWAS summary statistics of brain
disorders did not overlap with individuals from the UKB. Anorexia
nervosa had a 5.3% overlap with the UKB sample (3833 out of 72,517
individuals), which is unlikely to introduce significant bias into the MR
analysis140. For each GWAS, genetic variants with a MAF less than 1%
were excluded. Genome-wide significant variants were extracted from
the exposure GWAS.

To ensure the independence of genetic variants included in the
MR analysis, a clumping algorithm was applied with an r2 threshold of
0.001 and a window size of 1Mb, using the 1000 Genomes Project
European samples as a reference panel. To mitigate weak instrument
bias, we calculated F-statistics for all genetic variants following an
established procedure141 and only retained variants with an F-statis-
tic > 10 in the exposure GWAS. Variants directly associated with the
outcomes were removed to avoid potential horizontal pleiotropy. The
effects of genetic variants onboth exposure andoutcomewerealigned
to the same alleles. Palindromic variants with MAF greater than 0.42
were excluded. Outliers were identified and removed using the
“ivw_radial” (alpha = 0.05, weights = 1, to l = 0.0001) and “egger_radial”
(alpha = 0.05, weights = 1) functions from the “RadialMR” package142.
The remaining variants were used as instrumental variables (IVs) for
the MR analysis.

We conducted bidirectional two-sample MR analyses using the
TwoSampleMR package (https://mrcieu.github.io/TwoSampleMR).
The fixed-effect inverse variance weighted (IVW) method was used for
exposures with two or three IVs, while the multiplicative random-
effects IVWmethod was used for exposures with more than three IVs.
To minimize the risk of violating MR assumptions, exposures with a
single IV were excluded from the analysis. To assess the robustness of
the IVW estimates, we performed secondary analyses using nine
additionalMRmethods:MR-Egger,MR-RAPs, simplemedian,weighted
median, penalized weighted median, simple mode, simple mode

(NOME), weightedmode, andweightedmode (NOME)method. Causal
effects were considered significant if they reached Bonferroni-
corrected significance (p < 5 × 10−5 for bone exposures; p < 6.68 × 10−5

for bone outcomes) in the IVW analyses, reached nominal significance
(p < 0.05) in at least one of the secondary MR methods, and demon-
strated consistent effect directions across all methods.

Given that bone–brain relationships may involve multiple biolo-
gical pathways, we applied multivariable Mendelian randomization
(MVMR) to estimate the direct causal effect of bone traits on brain
outcomes independent of metabolic, inflammatory, or gut microbiota
factors143–145. For each significant univariable MR association, we first
examined whether potential biological confounders (1091 metabolic,
91 inflammatory, and 257 gut microbiota factors) causally influenced
the outcome using the same two-sample MR procedure. Any factor
showing a significant association was included as a secondary expo-
sure in the MVMR model. When IVs for the primary exposure were
missing in the GWAS summary statistics of the secondary exposure or
outcome, we used high-LD proxy SNPs (r² > 0.8) to retain instrument
availability. MVMR analyses were performed using the MV-IVW
method implemented in the MendelianRandomization R package
(0.10.0), which accounts for correlations among exposures. There was
no sample overlap between the GWAS datasets of the biological fac-
tors and those for the bone measures or brain disorders.

Data availability
GWAS summary statistics and polygenic risk score weights generated
from the current study are deposited on Zenodo (10.5281/
zenodo.17966320). Summary statistics of brain measures for genetic
correlation analyses were obtained from the BIG40 dataset (https://
open.win.ox.ac.uk/ukbiobank/big40/). Summary statistics of brain
traits and disorders used in genetic correlation and Mendelian Ran-
domization analyses are summarized in Supplementary Data 28 and
45. Spatial distribution maps of cortical microarchitecture, evolution
patterns, and AHBA genes used in the current study are summarized in
Supplementary Data 6. The individual-level data used in the current
study, including imaging, genetic and phenotypic data, were obtained
from the UKB (https://www.ukbiobank.ac.uk/; application number
71901) and are available upon application to the UKB. All other data
supporting thefindings of this study are availablewithin the article and
its Supplementary Data files.

Code availability
All software and methods used in this study are publicly available and
described in the Methods section. Custom analysis code is available at
https://github.com/tulab-brain/Bone-Brain-connections/.
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