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Proteomics enables the characterization of brain aging biomarkers and
discernment of changes during brain aging. We leveraged multimodal brain

imaging data from 10,949 healthy adults to estimate brain age gap (BAG),
anindicator of brain aging. Proteome-wide association analysis across
4,696 participants of 2,922 proteins identified 13 significantly associated
with BAG, implicating stress, regeneration and inflammation. Brevican
(BCAN) (8=-0.838, P=2.63 x10°) and growth differentiation factor 15
(B=0.825, P=3.48 x10™) showed the most significant, and multiple,
associations with dementia, stroke and movement functions. Dysregulation
of BCAN affected multiple cortical and subcortical structures. Mendelian
randomization supported the causal association between BCAN and BAG.
We revealed undulating changes in the plasma proteome across brain
aging, and profiled brain age-related change peaks at 57, 70 and 78 years,
implicating distinct biological pathways during brain aging. Our findings
revealed the plasma proteomic landscape of brain aging and pinpointed
biomarkers for brain disorders.

Thelevels of aging populations are ontherise globally, andit is predicted
that, by 2050, the number of individuals aged 65 years and above will
exceed 1.5 billion'. Aging is associated with a decline in homeostasis and
resilience of the brain?, which contribute to both functional deterioration
and structural abnormalities’. Aging and neurodegenerative disorders
are closely correlated and highly overlapped**; the prevalence of neu-
rodegenerative disorders significantly increases with aging*. However,
effective therapies for neurodegenerative disorders are limited*. Because
neurodegenerative disorders and cerebrovascular diseases are common
manifestations of brain aging™®, the early identification and intervention
of brain aging is a promising strategy in the prevention of neurodegen-
erative disorders. Previous studies have pinpointed putative markers for
brainaging, includingimaging traits”® and histologic features”°. However,
because these approaches provide limited molecular insight into brain
aging, itisnecessary to discover new biomarkers for brain aging.

Tostratify those at differentrisk or clinical stages of brain disorders,
brain age is proposed to estimate brain health status”. Utilizing multi-
modal brain magnetic resonance imaging (MRI) and machine learning
models, BAG—the deviation between predicted brain age and chrono-
logical age—can be generated and used as a potential indicator of brain
health™", Previous studies have demonstrated the associations between
BAG and multiple neuropsychiatric disorders, including Alzheimer’s
disease (AD)"*™, Parkinson’s disease (PD)", depression'®, schizophrenia'”
andstroke'®. Omics-based techniques have enabled the discovery of bio-
markers of brain aging. One previous study identified genomic regions
associated with BAG”. Proteins are the direct regulators of biological
pathways, which provide direct evidence for aging™. The use of proteom-
icshas discovered multiple plasma proteins that change with chronologi-
calage**. Blood serves as amediator between the brain and periphery,
with changes in plasma protein abundance reflecting alterationsin the
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Development of multimodal brain age model
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Fig.1| Graphical abstract. Top, the present study used multimodal brain
imaging data, including 1,705 brain IDPs 0f 10,949 healthy participants, to
estimate brain age by LASSO; BAG, the deviation of brain age from chronological
age, was then calculated. Middle, we used the plasma proteomics data of

>2,900 proteins to conduct protein-wide association analysis of BAG, and
validated the results above at the repeat imaging visit. Next, biological functions
and expression levels in different cell types within the brain were further profiled.
Moreover, the associations of BAG proteins with brain function, brain disorders

Distinct
biological
pathways

age 70 |age 78

Plsma protein peaks in brain aging

and brain structures were further tested. These findings suggested BCAN as
aputative biomarker for brain aging. Bottom, we characterized undulating
changes in plasma proteins during brain aging and identified both linear and
nonlinear patterns. In addition, we identified essential time periods during
brain aging; proteins at these time periods had distinct biological pathways.
ECM, extracellular matrix; ExN, excitatory neuron; fMRI, functional MRI; InN,
inhibitory neuron; SWI, susceptibility-weighted imaging.

brainassociated withneuropsychiatric disorders, due tothe bidirectional
communication between the central nervous system and peripheral
circulation®?*, Inaddition, measurements based on blood are minimally
invasive and easily accessible, and previous studies have revealed periph-
eral proteins associated with aging or neurodegenerative disorders?>.
However, little is known about how plasma proteomes change with brain

aging. Investigating the dynamics of plasma proteome during brain aging
isessential for revealing the molecular mechanisms associated with brain
disorders. Bridging this knowledge gap also provides potential for the
early identification and intervention of neurodegenerative disorders.
In this study, we integrated multimodal brain imaging data and
plasma proteome data from UK Biobank to investigate changes in
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peripheral proteomes across brain aging. Initially, we developed a
multimodal brain age model and identified those plasma proteins
associated with BAG. Next, we characterized their biological functions
and cellular expressionsinthe brain, and discovered the clinical impli-
cations for brain health. Finally, we profiled changes in the proteome
across brain aging in a cross-sectional cohort, and identified three
important plasma proteomic peaks of brain aging (Fig. 1).

Results

Development of the multimodal brain age model

For calculation of multimodal brain age (Supplementary Fig. 1), we
screened brain imaging-derived phenotype (IDP) data, selecting
1,705 IDPs as input for brain age calculation (Supplementary Table 1).
Following exclusion of participants with neuropsychiatric and other
disorders (for example, hypertension, atherosclerosis and others; Sup-
plementary Table 2) and those with plasma proteomics data, 10,949 par-
ticipantsremained. These participants were divided into a training and
atesting set, using the least absolute shrinkage and selection operator
(LASSO) regression approach to develop brain age (Supplementary
Table 3). Finally, 864 brain IDPs were included and we obtained brain
age estimates withamean absolute error of2.76 in allindividualsin the
testing set; model performance was found to be better among females
than males (Fig. 2a).

Proteome-wide association of BAG

To identify those proteins associated with brain aging, we screened
participants with both multimodal brain imaging data and plasma
proteomics data (n=4,696), predicted brainage and then calculated
BAG. Participants had amean age of 63.16 years and comprised 53.6%
females and 97.1% white ethnicities (Supplementary Table 4). Fol-
lowing Bonferroni correction (adjusted P=1.71x107), 13 proteins
significantly associated with BAG were identified, among which
there were eight positive associations: growth differentiation fac-
tor 15 (GDF15), fibroblast (Fibro) growth factor 21 (FGF21), tissue
inhibitors of matrix metalloproteinase 4 (TIMP4), lysosomal phos-
pholipase A and acyltransferase (PLA2G15), glial fibrillary acidic
protein (GFAP), adhesion G protein-coupled receptor G1 (ADGRG1),
galectin-4 (LGAL4S), CHI3L1 chitinase 3-like protein 1 (CHI3L1); and
five negative associations: BCAN, kallikrein-6 (KLK6), carcinoem-
bryonic antigen-related cell adhesion molecule 16 (CEACAM16),
WAP, Kazal, immunoglobulin, Kunitz and NTR domain-containing
protein 1 (WFIKKN1) and ADAM22 disintegrin and metalloproteinase
domain-containing protein 22 (ADAM22) (Fig.2b and Supplementary
Table 5). We also performed additional analyses for the repeatimag-
ing visit to validate the above results. We found that six proteins were
nominally associated with BAG (P < 0.05) and survived in validation
analysis (Fig. 2c): LGALS4, ADGRG1, GDF15, BCAN, KLK6 and TIMP4
(Supplementary Table 6).

The biological functions of those proteins associated with BAG,
following false discovery rate, correction were further profiled
(Supplementary Table 7). Biological processes, including the tyrosine
kinase signaling pathway, were the top pathways nominally enriched
(P<0.05)inproteins positively associated with BAG, indicating increas-
ing age-related degradation and stress state in brain aging. Proteins
negatively associated with BAG were mainly associated with cell-cell
adhesion and neuron projection regeneration, implicating neuronal
dysfunction asamajor component of brain aging (Fig. 2d). Downregu-
lated proteins were mainly located in synapses (Supplementary Table 7).
Inaddition, it was noted that upregulated proteins were mainly enriched
in cellular components such as extracellular matrix and lumen.

Expression-based analysis of proteins associated with BAG

Thecellular expressionlevels of BAG protein-coding genes were profiled,
leveraging peripheral blood mononuclear cell single-cell RNA sequenc-
ing datafromboth youngand old individuals (Supplementary Table 8).

Although nine BAG protein-coding genes were detected (Supplementary
Figs.2and 3), most of these were not highly expressed in peripheral blood
exceptfor ADGRGI1 (Supplementary Fig.4). We further leveraged human
brainsingle-nucleus RNA sequencing (snRNA-seq) data (Supplementary
Figs. 5and 6). In addition to FGF21,12 BAG protein-coding genes were
detectable in 61,862 individual cells from 17 samples (Fig. 2e). GFAP,
CHI3L1and CEACAM16 were mainly expressed by astrocytes (Astro).
BCAN was expressed mainly in oligodendrocyte (Oligo) progenitor
cells (OPCs) and Astro, while GDF15 and WFIKKNI were predominantly
expressedin Fibro.

Totest whether the expression levels of BAG protein-coding genes
were altered in age-related neurodegenerative disorders, we obtained
AD snRNA-seq data from 61,251 cells (Supplementary Figs. 7 and 8)
and found that BCAN was downregulated in both OPCs and Astro in
AD (Supplementary Fig. 9);in addition, the expression level of CHI3L1
in Astro was upregulated (Supplementary Fig. 9). Overall, the data at
transcription level supported the candidate roles of BAG proteins in
brain aging and related disorders, particularly BCAN.

Associations between BAG proteins and brain structures

The associations between BAG proteins and brain structures were fur-
ther profiled (Supplementary Table 9). Following Bonferroni correction
(only the13 significant proteins associated with BAG were considered
here), both BCAN and KLK6 showed the most associations with corti-
cal and subcortical structures, particularly cortical volume, cortical
surfaceareaandsubcortical volume (Fig. 3a). Although there were few
associations between plasma GFAP and cortical structures, it had the
most associations with white matter tracts (Fig. 3a).

Brevican was significantly associated with volume and surface
areaof 47 and 61 cortical regions, respectively, and there were 43 and
64 significant associations between KLK6 and cortical volume and
surface area, respectively. Most BAG proteins showed significant asso-
ciations with frontal and temporal volumes (Fig. 3b), which demon-
strated obvious atrophy in aging or neurodegenerative disorders® In
addition, BCAN was associated with volume in 12 subcortical regions
(Fig.3c). Thefull results of these associations with brain structures are
givenin Supplementary Table 10. Overall, these findings highlight the
intricateroles of BAG proteins in major brain regions inbrainaging and
age-related braindisorders, and further support the roles of candidate
BAG proteinsin brain aging.

Associations between BAG proteins and brain disorders
We further tested the associations between 13 BAG proteins and inci-
dent brain disorder risks (Fig. 4a). Following Bonferroni correction,
BCAN was associated with lower risk of all-cause dementia (ACD; haz-
ard ratio (HR) =0.613, P=4.11x10™), AD (HR = 0.625, P=5.26 x10™°)
and stroke (HR = 0.716, P=1.01 x 107°). WFIKKN1 was associated with
lower risk of ACD (HR=0.802, P=4.46 x10™*), stroke (HR = 0.799,
P=1.15x107), anxiety (HR = 0.823, P=7.28 x107®) and depression
(HR=0.823, P=4.21x107°). GDF15 was significantly associated
with higher risk of ACD (HR =1.449, P=1.03 x 107), AD (HR =1.340,
P=1.36 x107%), vascular dementia (VD; HR =1.763, P=5.84 x 10™), stroke
(HR=1.540, P=3.88 x107%), anxiety (HR=1.273, P=9.50 x10™) and
depression (HR =1.429, P=1.56 x 10°). Plasma GFAP was significantly
associated with risk of incident ACD (HR =2.066, P=2.23 x107¢), AD
(HR=2.393,P=1.59 x107) and VD (HR = 2.281, P= 4.66 x 10®). In addi-
tion, plasma LGALS4 level was mainly associated with higher risk of VD
(HR=1.571,P=5.52x107), stroke (HR =1.280, P=1.06 x 10”°), anxiety
(HR=1.118,P=4.33 x10™*) and depression (HR =1.239, P=2.69 x 10°),
Nosignificant associations were observed between KLK6, ADAM22 or
CEACAMI16 and any incident brain disorders. The full results are given
inSupplementary Table11.

In addition, we also tested the associations between BAG
proteins and brain disorders regarding incidence time frame
(Supplementary Fig. 10). Regarding short-term brain disorder
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Fig.2|Protein-wide association of BAG. a, Prediction of brain age in the
validation set using multimodal brain IDPs. Mean absolute error (MAE) and
Pearson correlation coefficient between brain age (years) and chronological age
(years) are shown in the top part of the plot. b, Volcano plot showing the results of
protein-wide association analysis of BAG; proteins significantly associated with
BAG are marked. Chronological age, sex, ethnicity, TDI, education level, smoking

. WFIKKN1

status, alcohol status and body mass index were adjusted. Bonferroni correction
was conducted for multiple corrections. ¢, Forest plot showing the results of
discovery and validation analyses of the 13 BAG proteins. Error barsindicate
s.e.d, The top representative biological processes of GO enrichment analyses.

e, Relative expression (rel. exp.) levels of the 12 BAG protein-coding genesin
different cell types of normal human brain. Mural, mural cell.

risk (occurring <5 years following protein measurement), BCAN
(HR=0.513, P=4.38 x10™*), GFAP (HR =2.373, P=2.02 x 10%) and
GDF15 (HR =1.739, P=1.24 x 1077) remained significant with ACD.
GFAP was the only significant protein associated with the risk of AD
(HR=3.322, P=4.49 x107*), with GDF15 the only one associated with
incident VD risk (HR =2.161, P=1.65 x 107). In addition to the identi-
fied significant associations with stroke, we found that CEACAM16
(HR=0.783,P=2.87 x10™*) and FGF21 (HR =1.141, P=2.63 x107%)
were significantly associated with short-term stroke risk. Regarding
10-year brain disorder risk, BCAN was significantly associated with
incident ACD (HR =0.599, P=1.16 x 107). Both GFAP and GDF15 were
still significantly associated with incident ACD (GFAP, HR =2.246,
P=8.01x107%; GDF15, HR=1.573, P=2.53 x107%), AD (GFAP,
HR=2.668,P=4.93x10%; GDF15,HR =1.493,P=1.47 x10"%) and VD
(GFAP, HR =2.481, P=1.97 x10"%; GDF15, HR =1.997, P=2.21 x1071°),
Full details are given in Supplementary Tables 12 and 13.

Associations between BAG proteins and brain functions

Next, we tested the associations between BAG proteins and brain func-
tions (Fig. 4b). Following Bonferroni correction, GDF15 was found to
beassociated with the highest number of brain functions, particularly
movement. However, only ten significant associations between BAG
proteins and cognition were identified: five for GDF15, two for PLA2G15
and one for each of BCAN, TIMP4 and LGALS4.

Regarding mental health, both GDF15 and LGALS4 showed sig-
nificant associations with the same six mental health traits. Moreover,
both PLA2G15 and WFIKKN1 were also found to be closely related to
mental health, with five significant associations. Full details are given
inSupplementary Table 14.

Identification of specificity between BAG proteins and brain
We further used eight age-related disorders (infections, cancers, obe-
sity, angina pectoris, myocardial infarction, asthma, inflammatory
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Fig. 3| Associations between BAG proteins and brain structures. a, Bar plot
showing the significant associations of 13 BAG proteins with cortical, subcortical
and white matter structures. b, Associations between BAG proteins and cortical
volume, tested using a linear regression model. ¢, Associations between BAG

proteins and subcortical volume, tested using a linear regression model. b,c, The
most significant associations between protein and brain structure are indicated
by z-score.

bowel disease and gout; Supplementary Table 15) to perform negative
control analyses of the 13 BAG proteins. BCAN, GFAP and WFIKKN1 were
not significantly associated with the age-related disorders of other
systems (all P> 4.81x107*). ADGRG1, ADAM22 and CEACAM16 were
separately associated with one outcome, while GDF15 was associated
with eight outcomes. Full details are givenin Supplementary Table 16.
Overall, these findings suggested that BCAN, GFAP and WFIKKN1 are
specifically associated with brain-related traits.

Druggability assessment of BAG proteins

We conducted Mendelian randomization (MR) analysis between BAG
proteins and BAG to test for causal associations (Supplementary
Table 17). Genetically predicted plasma BCAN level was associated
withlower BAG ( =-0.473, P=0.038; Supplementary Fig.11). Sensitiv-
ity analysesindicated neither heterogeneity (P=0.507) nor pleiotropy
(P=0.620; Supplementary Table 18). However, no associations were
identified between other BAG proteins and BAG (all P> 0.05; Supple-
mentary Table 18). We further profiled the druggability of the 13 BAG
proteins identified above (Supplementary Fig.12). BCAN was found

to be a candidate druggable protein with moderate small-molecule
druggability and high modality. Overall, these findings suggested that
BCAN s a candidate druggable protein for brain aging.

Causalities between BAG proteins and brain health

For testing of causal associations between BAG proteins and brain
health, we conducted MR analyses (Supplementary Table 17). These
analyses supported the causal associations of BCAN with 13 cortical
surface areas (all P< 0.05; Supplementary Table 19) and three corti-
cal volumes (all P < 0.05). KLK6 was associated with four cortical sur-
face areas (all P< 0.05) and left inferior temporal volume (8= 0.047,
P=0.024). Regarding white matter tracts, GFAP was associated with
fractional anisotropy (FA) inleft tract superior longitudinal fasciculus
(f=-0.151,P=0.038) and mean diffusivity (MD) in right tract posterior
thalamicradiation (8= 0.150, P = 0.045). Regarding brain disorders, we
identified the associationbetween BCAN and PD (f =-0.285, P=0.032;
Supplementary Table 20). In regard to brain functions, GDF15 was
negatively associated with normal walking pace (8 =-0.010, P= 0.043;
Supplementary Table 21).
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Fig. 4| Associations between BAG proteins and brain disorders and brain
functions. a, Forest plot showing the results of the association between BAG
proteins and incident brain disorders. Significant associations following
Bonferroni correction are marked by asterisks (*); error bars indicate s.e.

b, Manhattan plot showing results of the association between BAG proteins and

brain functions. a,b, Chronological age, sex, ethnicity, TDI, education level,
smoking status, alcohol status and body mass index were adjusted. Bonferroni
correctionwas conducted for multiple corrections. Associations with P<1x 1072
are marked. Dashed line indicates the threshold of adjusted P value (1.48 x 107).

Undulating changes in plasma proteins during brain aging

Next, we sought to investigate undulating change patterns in plasma
proteins with brain aging. The trajectories of 427 proteins nominally
associated with BAG were profiled (Fig. 5a-c). We then performed unsu-
pervised hierarchical clustering of these proteins (Supplementary
Fig.13), dividing them into six patterns with brain aging (Supplementary
Table22). As expected, we identified three clusters with linear patterns,
clusters1,2and 6 (Fig. 5d); the proteins of clusters 3 and 5 showed a
logarithmic pattern. The normalized protein levels of cluster 3 peaked
at approximately age 70 years (Fig. 5c), with the proteins of cluster 3
mainly associated with anoikis. Cluster 4 showed aninverted U-shaped
patternduringbrain aging, peaking around the sixth decade and then

decreasing (Fig. 5d). The proteins within cluster 4 were enriched for
cell-cell adhesion. These findings suggested that, although most
proteome changes across brain aging were linear, nearly one-third of
plasma proteins showed a nonlinear pattern during brain aging.

Waves of brain aging-associated proteins

Due to the nonlinear patterns of plasma proteome alterations dur-
ing brain aging identified above, we further performed differential
expression-sliding window analysis (DE-SWAN) to quantify proteomic
changes within a window of 2 years, by comparing groups in parcels
of1year then sliding the window in increments of 1 year from young
to old brain age. Three peaks of significant proteins at brain age 57,
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70 and 78 years were detected (Figs. 6a and 5b). These peaks were
still detectable with different thresholds of g-value, indicating the
robustness of brain age-related waves (Supplementary Fig. 14 and Sup-
plementary Table 23). The proteins of these peaks are given in Sup-
plementary Table 24. Notably, we found that three brain age waves
and BAG proteins generated by the linear model were largely different
(Supplementary Fig.15).

Biological pathways and implications of brain aging waves
Atbrainage 57 years, proteins were mainly associated with metabolic
processes (Fig. 6¢), while at brain age 70 years, protein waves were
nominally associated with neuronal and developmental pathways.
Regarding differential proteins at brain age 78, biological processes,
including theJAK-STAT pathway, were identified. These findings indi-
cated thatbrainageis an undulating process characterized by waves of
changesin plasma proteomes that reflect complex shiftsin biological
processes.

We further tested associations between the proteins of all key
wave and brain health traits, as well as inflammatory indices (Fig. 6d),
finding that proteins at brain age wave 57 years showed most associa-
tions with mental health traits and PD. The highest number of associa-
tions between these proteins and adaptive immune markers was also
observed. Moreover, we found that proteins at brain age wave 70 years

showed the highest number of associations with cognition, movement
and brainstructures; itis likely that these are also significantly associ-
ated with brain disorders, especially ACD and stroke. However, the
associations between proteins at brain age wave 78 years and brain
health traits were fewer than those for the other waves. Full details are
given in Supplementary Tables 25-28. These findings indicated that
brainageisanundulating process, characterized by waves of changes
in plasma proteomes that reflect complex shifts in biological processes
and implications for brain health.

Discussion

Our study integrated multimodal brain imaging and plasma prot-
eomics data and investigated plasma proteome profiles across brain
aging. We identified 13 plasma proteins associated with brain aging
and validated six of them (GDF15, BCAN, TIMP4, KLK6, ADGRG1 and
LGALS4). Their biological functions and implications for brain health
were further characterized, and causal associations between these
proteins and BAG were also tested, suggesting that BCANis a candidate
biomarker for brainaging. Inaddition, we uncovered the existence of
undulating changes during brain aging, with proteomic alterations
peaking in the late fifth, seventh and late seventh decades of brain
age, suggesting that these are essential periods for intervention
inthe brain aging process.
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Previous studies have delineated candidate biomarkers of brain
aging, encompassing discernible changes in DNA methylation? and
histone modification”. Regarding proteomics, Wingo et al. identified
579 proteins associated with cognitive trajectory®, indicating that
individuals with stable cognition in advanced age are characterized
by increasing synaptic abundance and decreasing inflammation”
However, their findings relied on the Mini-Mental State Examination,
acoarse measurement of cognitive function®® that may not accurately
reflect brain health status more accurately than brain age derived from

brain MRI”. To determine biomarkers of brain aging, three elements
derived from physiological, medical imaging and humoral measure-
ments are available to monitor the process of brain aging’. These ele-
ments facilitate specific and pragmatic biomarkers of brain aging, and
thus we propose a new brain age model based on multimodal brain
imaging data. The relatively stable performance of our model under-
lines the robustness of subsequent analyses and findings. Our study
profiled the landscape of plasma proteomics alterations during brain
aging. We found decreasing synapse-related functions, butincreasing

Nature Aging


http://www.nature.com/nataging

Analysis

https://doi.org/10.1038/s43587-024-00753-6

biological processes of extracellular matrix and stress-related pathways
inbrainaging, whichis supported by a previous study®®. Dammer et al.
analyzed AD plasma proteomes and demonstrated increasing extracel-
lular matrix®. Collectively,Johnson et al. investigated brain proteomes
andidentified an AD-associated protein module related to extracellular
matrix”. The proteins associated with extracellular matrix are thus
candidate therapeutic targets for brain aging. These findings are also
supported by the imaging and histologic traits associated with brain
aging, such as brain atrophy and loss of myelinated nerve fibers”. We
also found that the plasma proteins of brain aging have significant
associations with brain health. BAG proteins are significantly associ-
ated with the frontal and temporal lobes, which are susceptible in
aging and neurodegenerative disorders®*>*. These findings indicated
the distinct significance of proteins in regard to region-specific brain
structures. Plasma-based biomarkers are accessible, cost effective
and minimally invasive, thus being suitable for early identification
and monitoring of brain aging and related disorders**. Previous stud-
ies have demonstrated that plasma A42, phosphorylated taul81 and
neurofilament light chain levels have good predictive and discrimi-
native values for AD***¥, In addition, the plasma proteomics panel
also demonstrated significant predictive value in regard to PD*. The
underlying mechanism linking plasma and brain aging is the pivotal
contributions of peripheralimmune processes®. Peripheralimmunity,
including immune subtype abundance and inflammatory cytokines,
is associated with aging and neurodegenerative disorders***. Cer-
ebral endothelial cells (Endo) are essential mediators of interactions
betweenthe periphery and brain. Yousef et al. demonstrated that aging
blood upregulated VCAML in cerebral Endo, which activated microglia
(Micro), reduced the activity of neural precursor cells and impaired
cognition*’, We identified the associations of plasma proteomes with
brain aging and related traits of brain health, which suggested that
plasmaholds promise asa medium reflecting activities within the brain.
However, further investigations are needed to determine whether
plasma proteins could serve as an effective therapeutic target for
mitigating the effects of brain aging.

Our study reports that BCAN is abiomarker of brainaging at both
the protein and genetics level. BCAN was specifically expressed within
the central nervous system*, particularly inOPCs and Astro. BCANis a
neural proteoglycaninvolved in the perisynaptic extracellular matrix
and synaptic plasticity in the brain**. BCAN also regulates potassium
channelsand AMPA receptors, which controlinterneuronal plasticity
andbehavioral responses®. BCAN expressionin the hippocampus was
found to be associated with spatial memory*¢, while another study
demonstrated that BCAN knockdown had a detrimental impact on
long-term hippocampal CA1 potentiation*. Associations of BCAN
with several neurological disorders have been reported. Brevican was
downregulated in a murine stroke model*®, Similarly, we found that
baseline plasma BCAN levels predicted future stroke risk. Lower BCAN
level was associated with cerebrovascular disease burdenin cognitively
impaired individuals without dementia*. Inaddition, Minta et al. found
that patients with VD had lower BCAN levels in cerebrospinal fluid than
healthy controls or patients wih AD*°. However, our study findings
suggested that no association exists between BCAN and VD following
multiple comparisons. Although the mechanisms underlyingBCAN and
brain aging were not revealed, alterations of extracellular matrix dur-
ing aging partly explained the association. Extracellular matrix within
brain parenchyma was found to be involved in neuronal plasticity,
learning and memory®, and its expression, composition, location and
physical properties underwent substantial alterations in aging®*?, with
notableinfluence on neural and glial functions*®. Extracellular matrix
componentsalsoinduced neuroinflammatory responsesinthe aging
brain®.Inaddition, BCAN is an essential proteoglycan of perineuronal
nets (PNNs) of the extracellular matrix. However, both BCAN and PNNs
underwent degradation and decomposition in human postmortem
AD brains®*. Notably, neurites associated with PNNs were spared from

tau pathology and no BCAN was detected within amyloid plaques®*.In
general, our study suggested that BCAN is a candidate for brain aging
and related brain disorders, but the underlying mechanisms require
further investigation.

Our study also provided several candidate biomarkers for brain
aging. GDF15was found to be the most significant plasma protein asso-
ciated with brain aging in our analysis, and was also associated with
chronological age” and multiple age-related disorders®>*°. Notably,
previous studies have demonstrated the association of GDF15 with future
ACD**% highlightingits significant role in neurodegenerative disorders.
GDF15is a stress-regulated hormone and was upregulated in response
to environmental stress, being involved in energy homeostasis, insu-
lin resistance®”* and mitochondrial dysfunction®. Although several
studies reported the anti-inflammatory functions of GDF15 (ref. 63),
itis an essential component of the senescence-associated secretory
phenotype®*, which promotes neuroinflammation, synaptic dysfunction,
neuropathological changes, neuronal death and, ultimately, cognitive
impairment®. Notably, due to the significant associations of GDF15 with
ageand age-related disease, and its ubiquitous expressionin the human
body, GDF15is amore probable general biomarker of aging®® but not one
specific for brain aging. In addition to GDF15, KLK6 is a protease within
the central nervous system and is mainly associated with functioning
of theblood-brainbarrier and Oligo®”*®, Although Mitsui et al. suggested
thatlower KLK6 levelsin cerebrospinal fluid are associated with AD, other
studies reported inconsistent results®’°. Therefore, the association
between the proteins identified in our study and brain aging requires
further investigation.

Another key finding of our study is the undulating plasma prot-
eomic changes throughout the process of brain aging. We identified
three essential protein waves associated with brain age at 57, 70 and
78 years. However, the proteins of these peaks have minimal overlapin
components and functional enrichment. In contrast to the general bio-
logical aging process, we found that the late fifth decade is a potential
onset time point for brain aging, showed the most differential proteins,
andis characterized by response to wounding and metabolic processes.
Hahnetal.conducted spatiotemporal transcriptomic analyses of aging
murine brain and demonstrated that the majority of brain regions
exhibited substantial transcriptomic differences at approximately
18 months (equivalent to 56 years in humans)”, which supports our
findings. We also found that amajority of these proteins are associated
withadaptiveimmunity, whichisapotential mechanismof brainaging
during this period. In addition, our study suggested that the seventh
and late seventh decades are also essential time points in brain aging,
aligning with observed waves in the aging plasma proteome®. Similarly,
alarge-scale cerebrospinal fluid scRNA sequencing (scRNA-seq) study
identified the peak of differential expression genes for most cell types as
78 years’. Moreover, Fujita et al. profiled brain volume changes during
agingin cognitively unimpaired individuals and found that the rate of
brain atrophy accelerated from about 70 years’®. Characterization of
undulating changes in the brain aging plasma proteome carry great
significance for personalized prevention of, and interventionin, brain
aging and subsequent age-related brain disorders. For instance, we
found that proteins at the seventh decade showed most associations
with age-related brain disorders; indeed, the prevalence of neurodegen-
erative disorders such as AD and PD increased significantly in people
aged >70 years*. Our findings thus emphasize the importance and
necessity ofintervention and prevention atbrain age 70 years toreduce
therisk of multiple braindisorders. Inaddition, we found that proteins
associated with the JAK-STAT signaling pathway differentially expressed
at brain age 78 years. Xu et al. demonstrated that inhibition of JAK
rescued senescence-associated secretory phenotype and frailty. The
upregulation of proteins associated with the JAK-STAT pathway in the
late seventh decade of brain age may therefore further exacerbate the
degree of brain aging, and inhibition of the JAK-STAT pathwayisacan-
didateintervention for advanced brain aging”. Overall, these findings
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indicate that the pace of brain aging is uneven across the lifespan, and
further studies are warranted to elucidate the underlying mechanisms
of certain proteins at different stages of brain aging.

The strengths of our study include the integration of multimodal
brainimaging dataand plasma proteomicsinalarge community-based
cohort. In addition, we tested nonlinear changes during brain aging,
afactor occasionally overlooked in previous studies. However, some
limitations should be noted. First, the participants in our study were
middle-aged and older adults; a cohort covering the entire lifespan is
required to gain a more comprehensive understanding of the undu-
lating changes in brain aging. Therefore, the undulating changes
in brain age occurring before 40 years need to be further explored.
Second, because the UK Biobank participants were mainly of Euro-
pean ancestry, the results of our study should be further validated in
cohortsof other ethnicities. One further limitationis that plasma-based
assays mainly focus on immunity-related secreted proteins and thus
over-represent biological processes such asimmune responses while
under-representing others, including mitochondrial function and
neuronal network activity. Therefore, brain-based analyses with larger
sample size are warranted to give an unbiased picture of the relative
importance of different proteins or pathwaysinregard to brain aging.
Moreover, it should be noted that our protein-wide association analysis
was based on 2,922 plasma proteins provided by the Olink platform.
These proteins do not encompass the entire human proteome, and
some underlying molecular mechanisms probably remain obscured.In
addition, to avoid sample overlap in MR analyses, we obtained plasma
proteome Genome-Wide Association Study (GWAS) data from the
deCODE consortium, which uses the Somascan V4 platform. It should
also be acknowledged that, although moderate assay variance and
genetic correlation were identified between the Somascan and Olink
platforms, the former identified fewer protein quantitative trait loci
and genomic associations than the latter”, which probably affected
theresults of MR analyses. However, roughly 500 proteins had protein
quantitative trait loci on both platforms and there was a strong correla-
tion between protein levels measured by the two platforms. Overall,
the results of MR analyses require further investigation.

In summary, our study provides insights into plasma proteomic
alterations during brain aging. Importantly, we identified BCAN as a
promising biomarker for brain aging and pinpointed 57,70 and 78 years
astransitional time points during brain aging. These findings contrib-
ute to bridging essential knowledge gaps in clarifying the molecular
mechanisms of brain aging, with substantial implications for the future
development of systemic and pragmatic biomarkers for brain aging,
aswellas personalized therapeutic targets for subsequent age-related
brain disorders.

Methods

Ethics statement

This study adhered to the Declaration of Helsinki. All individuals gave
written informed consent at baseline, and approval of the study was
obtained from the North West Multi-Center Research Ethics Commit-
tee (no.11/NW/0382).

Study participants

The participantsincluded in the present study were from UK Biobank,
alarge-scale prospective cohort with >500,000 community dwellers
from 22 assessment centers throughout the United Kingdom, the study
beinginoperationbetween 2006 and 2010 (ref. 76). The demographic
characteristics, biological samples and physical measurements of each
participant were obtained at recruitment, and all participants were
registered with the UK National Health Service.

Brainimaging-derived phenotypes
Attheimaging visit (around 4 years following recruitment assessment),
the brainimaging data of >40,000 participants from UK Biobank were

obtained on a standard Siemens Skyra 3 T scanner with a 32-channel
head coil”’. The parameters were previously demonstrated”’, and the
protocol of brain imaging, including image processing pipeline, arti-
fact removal, cross-modality and cross-individual image alignment,
quality control and phenotype calculation, is accessible through the
website https://biobank.ndph.ox.ac.uk/showcase/showcase/docs/
brain_mri.pdf.

Following screening, we excluded IDPs with low sample size (that
is, arterial spin labeling data covering <20% of all participants); redu-
plicated IDPs (that s, cortical structures generated by a different seg-
mentation approach) and 1,705 unique brain IDPs with high coverage
(>80% of all participants) remained in brain age model development,
including:

« structuralimaging (n=1,181): T1-weighted structural brain imag-
ing and T2-weighted brain imaging

« functional imaging (n = 60): task functional brain MRl and
resting-state functional brain imaging

« susceptibility-weighted brain imaging (n = 32): magnetic suscep-
tibility and T2star

+ diffusion imaging (n = 432): diffusion MRI (dMRI) skeleton
measurement

Although some IDPs were overlapping (that is, surface area and
volume of the same region) and hierarchically related (total volume
white matter hyperintensities (WMH), deep WMH and periventricular
WMH), they reflected different aspects of the aging brain”'>’%, Details
of theincluded brain IDPs are presented in Supplementary Table 1.

Development of multimodal brain age model

Following the selection of brain IDPs, at the imaging visit we further
excluded those with neuropsychiatric and related disorders (for
example, hypertension, atherosclerosis, emphysema and gout; see
Supplementary Table 2 for complete details). Moreover, to increase
statistical power in protein-wide association analysis, we restricted
it to those without plasma proteomics data in model development.
Finally, 10,000 healthy participants with brain IDP data, but without
plasma proteomics data, remained (Supplementary Fig.1), and these
participants were further divided into atraining set (70%) and a testing
set (30%).LASSO regression was used to develop multimodal brain age,
duetoits superior performance compared with other machine learn-
ing models”. The LASSO algorithm can select those feature variables
having a significant impact on the target variable while maintaining
prediction accuracy, thus reducing both model complexity and the
impact of overlapping measures on prediction of brain age. Brain IDP
data and chronological age at the imaging visit were used to train the
multimodal brain age model. The parameter A was optimized using
tenfold cross-validation to achieve minimal deviance, whichis ameas-
ure of the goodness of fit.

Proteomics data

Over 50,000 participants were included in the UK Biobank Pharma
Proteomics Project. Blood samples were collected at the recruitment
visitand plasma samplesisolated by centrifugation. Plasma proteom-
ics were examined and quantified through the Olink Explore Proximity
Extension Assay platform, which measured 2,923 unique proteins.
Experimenting investigators were blinded to all sample characteristics
and clinical data, and data collection and analysis were not performed
blind to the conditions of the experiments. Following quality control,
normalization and batch effect correction, normalized protein expres-
sionvalues were generated”.

Statistics and reproducibility

Foridentification of proteins associated with brain aging, we calculated
brain age in participants using both brain IDPs and plasma proteomics
data (n=4,696) and further calculated BAG, the deviance of predicted
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brainage and chronological age (Supplementary Fig.1). Thelinear regres-
sionmodel was used to identify BAG-associated proteins. Potential con-
foundingfactors, including chronological age, sex, ethnicity, Townsend’s
deprivationindex (TDI), education level, smoking status, alcohol status
andbody massindex, were adjusted inthe model. Bonferronicorrection
was conducted for multiple corrections.

To provide confidence in the reproducibility of protein-wide asso-
ciation analysis, we utilized brain IDP data at the repeat imaging visit
to calculate BAG, and conducted further protein-wide association
analyses. Those proteins nominally with BAG (P < 0.05) were considered
significantin the validation analysis.

No statistical method was used to predetermine sample size, but
our sample size was similar to that in a study reported in a previous
publication®. Inaddition, data distribution was assumed to be normal,
but this was not formally tested.

Functional enrichment of proteins

Functional enrichment analyses, including Gene Ontology (GO) of
proteins surviving following false discovery rate correction, were con-
ducted using the R package clusterProfiler, with default parameters®.
Proteins listed in the Olink Explore 3072 platform by the UKB Pharma
Proteomics Project were used as background. The results were adjusted
for multiple comparisons using the Benjamini-Hochberg method.
Terms or pathways with adjusted P < 0.05 were defined as enrichment.
The top representative biological processes or pathways were visual-
ized using the R package ggpubr.

Single-cell transcriptome data and expression-based analysis
Single-cell transcriptomic data were used to test the expression levels of
protein-coding genes in different cell types. We obtained normal human
brain snRNA-seq data from Garcia et al. to identify expression levelsin
major cell types within the brain®, whichincluded 61,862 individual cells
from17 samples. Samples were obtained from Boston Children’s Hospi-
tal through the Repository Core for Neurological Disorders; all partici-
pants were between 11and 22 years of age and had a primary diagnosis of
medically refractory epilepsy with no known genetic mutations. We also
obtained human peripheral blood mononuclear cell scRNA-seq data
from ten young and seven old individuals from Zhu et al., to test their
expression levels in peripheralblood®’. These individuals were from the
Shanghai East Hospital natural aging cohort, and were generally healthy
at the time of blood collection according to evaluation of medical his-
tory and assessment of vital signs. To test whether expression levels of
protein-coding genes were altered in neurodegenerative disorders, we
obtained prefrontal cortex snRNA-seq data from patients with late-stage
AD (n=11) and age-matched cognitively healthy controls (n=7) from
Morabito et al.**. These samples were obtained from the University of
California, Irvine Memory Impairments and Neurological Disorders’
Alzheimer’s Disease Research Center tissue repository and under the
University of California Institutional Review Board, with diagnosis based
onBraakand plaque staging. Details onsingle-cell transcriptomic data
aregiveninSupplementary Table 8. The R package Seurat was used for
key data analysis and visualization®*, and the R package harmony for
dataintegration and batch effect correction®.

Brain health traits

Brain health was categorized into three major groups: brain disorders,
brain functions and brain structures. Details of brain health traits are
givenin Supplementary Table 9. Primary brain disorders in this study
included all-cause dementia, AD, VD, PD, stroke, anxiety and depres-
sion. Diagnosis of brain disorders was coded based on International
Classification of Diseases, Tenth Revision. Those with corresponding
braindisorders at baseline were excluded from analysis. The endpoint
of follow-up was determined by either the first occurrence of the brain
disorder, date of death or end of follow-up (30 June 2023), whichever
occurred first. In regard to brain functions, we mainly focused on

cognition (n=10), movement (n = 4) and mental health (n =12). To
identify the associations between BAG-associated proteins and fine
brainstructures, the volume, area and thickness of 68 unique cortical
regions, the volume of 16 subcortical regions and the weighted median
FA and MD of 27 white matter tracts were obtained.

The Cox proportional model was used to test associations between
BAG-associated proteins surviving following Bonferroni correctionand
incidentbrain disorders. Thelinear regression model was used toiden-
tify associations between BAG-associated proteins surviving following
Bonferroni correction and brain functions and structures. Potential
confounding factors, including chronological age, sex, ethnicity, TDI,
education level, smoking status, alcohol status and body mass index,
were adjusted inthe model. Inregard to dementia outcomes (all-cause
dementia, AD and VD), APOE-g4 status, which was defined as the num-
ber of APOE-€4 alleles, was further adjusted. Regarding incidence time
frame analysis, we repeated the above analyses among these target
populations: 5-and 10-year incident brain disorder. When conducting
incidence time frame analyses, individuals who developed a specific
brain disorder following the time stamps were treated as healthy indi-
viduals. Bonferroni correction (only significant proteins associated
with BAG were considered) was conducted for multiple corrections.

Negative control analyses of proteins with BAG

Negative control analyses were aimed at testing whether proteins
were specifically associated with brain-related traits. A total of eight
age-related, but not brain-related, disorders in negative control analy-
ses were considered: infections, cancers, obesity, angina pectoris,
myocardial infarction, asthma, inflammatory bowel disease and gout
(Supplementary Table 15 provides complete details). The Cox pro-
portional model was used to test associations, and chronological age,
sex, ethnicity, TDI, education level, smoking status, alcohol status and
body mass index were adjusted in the model. Bonferroni correction
(only significant proteins associated with BAG were considered) was
conducted for multiple corrections.

Druggability of proteins associated with BAG

The druggability of proteins associated with BAG was profiled, leverag-
ingagoradruggability and ligandability analysis using the Accelerating
Medicines Partnership for Alzheimer’s Disease consortium (https://www.
synapse.org/#!Synapse:syn13363443). Proteins were scored for their
suitability as drug targets. Briefly, proteins were placed in buckets that
were ordered based on the preference for small-molecule drug develop-
ment, therapeutic antibody feasibility and safety, with lower-numbered
buckets being generally accepted as easier or more likely to resultin
successful drug development than higher-numbered buckets.

Mendelian randomization
For testing of causal associations between plasma proteins and BAG
and brain-related traits, two-sample MR analysis was performed. MR
analyses rely on the use of instrumental variables (IVs), and there are
three major assumptionsincluded: (1) Vs are significantly associated
with exposure; (2) [Vs are not associated with confounding factors; and
(3)Ivsareassociated with the outcome indirectly through exposure®®.
Forselection of IVs, we first identify those single-nucleotide poly-
morphisms (SNPs) significantly associated with the plasma protein
(P<1x107%). Those SNPs located within the major histocompatibility
complex complex and those with minor allele frequency <0.01 were
removed. Next, linkage disequilibrium was tested among SNPs at the
threshold of r* < 0.001 and a window of 10,000 base pairs. In regard
to plasma protein GWAS data, to avoid sample overlap, plasma pro-
teomics GWAS data from the deCODE consortium were obtained®’.
For BAG GWAS data, we obtained summary-level BAG GWAS data from
Leonardsen etal.””, which were generated from 28,104 individuals from
UK Biobank. Details of GWAS data on brain-related traits are given in
Supplementary Table17.
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InMR analysis, the inverse-variance weighted method was used to
poolthe estimate of each SNP, to generate acombined and consistent
estimate of the effect of exposure on outcome, and this was used as the
main analysis®. Cochran’s Q test and the Egger intercept test were used
for heterogeneity and pleiotropy testing, respectively. AllMR analyses
were conducted using the R package TwoSampleMR®’. Associations
with P<0.05were considered causal.

Undulating changes in proteins during brain aging

Atotal of 427 proteins nominally associated (P < 0.05) with BAG were
selected for estimation of undulating changes in proteins during brain
aging. First, protein levels were z-normalized, then a LOESS regres-
sion of span of 300 was used to fit each plasma protein with brain
age. Pairwise differences between LOESS estimates were calculated
through Euclidian distance, and hierarchical clustering using a com-
plete method was subsequently conducted to group the different
patterns into six clusters for brain aging. The corresponding biologi-
cal pathways of each cluster were further inferred with GO databases
as described above. Biological processes with adjusted P < 0.05 were
considered significant.

DE-SWAN

The DE-SWAN method was used to identify and quantify nonlinear
changes in plasma proteome during brain aging with the R package
DEswan®. First, the brain age of healthy participants was rounded,
restricting the range to those aged 47-81years. Thus, 34 centers with
windows of +1 year were used. In regard to differential expression
analysis, the following model was used:

Protein level ~ ar + 8, brain age,,,, o, + B25€X + Bsethnicity + ... + €

The g-values of each brain age wave were estimated by Benjamini-
Hochberg correction. Type Il sum of squares was calculated using the
analysis of variance functionin the R package car. Proteins with g < 0.05
were considered significant.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

Thedatausedinthisstudy areavailable from UK Biobank, with restrictions
applied, under application no.19542. Access to UK Biobank data can be
requested through a standard protocol via their website (https:/www.
ukbiobank.ac.uk/register-apply/).

Code availability

This study used open-source software and codes, specifically R
(https://www.r-project.org/), glmnet (https://github.com/cran/glm-
net), clusterProfiler (https://github.com/YuLab-SMU/clusterProfiler),
Seurat (https://satijalab.org/seurat), harmony (https://github.com/
immunogenomics/harmony), TwoSampleMR (https://github.com/
MRCIEU/TwoSampleMR) and DEswan (https://github.com/lehallib/
DEswan).
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Blinding Each sample was labeled with an numeric ID whose annotation was kept blinded during data collection and analyses.

Reporting for specific materials, systems and methods
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system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.
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Antibodies |Z |:| ChiIP-seq
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Seed stocks Report on the source of all seed stocks or other plant material used. If applicable, state the seed stock centre and catalogue number. If
plant specimens were collected from the field, describe the collection location, date and sampling procedures.

Novel plant genotypes Describe the methods by which all novel plant genotypes were produced. This includes those generated by transgenic approaches,
gene editing, chemical/radiation-based mutagenesis and hybridization. For transgenic lines, describe the transformation method, the
number of independent lines analyzed and the generation upon which experiments were performed. For gene-edited lines, describe
the editor used, the endogenous sequence targeted for editing, the targeting guide RNA sequence (if applicable) and how the editor

was applied.
Authentication Describe-any-atithentication-procedures for-each-seed-stock-tised-ornovel-genotype-generated—Describe-any-experiments-used-to

assess the effect of a mutation and, where applicable, how potential secondary effects (e.g. second site T-DNA insertions, mosiacism,
off-target gene editing) were examined.
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