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Distinct brain age gradients across the
adult lifespan reflect diverse
neurobiological hierarchies
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‘Brain age’ is a biological clock typically used to describe brain health with one number, but its
relationship with established gradients of cortical organization remains unclear. We address this gap
by leveraging a data-driven, region-specific brain age approach in 335 neurologically intact adults,
using a convolutional neural network (volBrain) to estimate regional brain ages directly from structural
MRI without a predefined set of morphometric properties. Six distinct gradients of brain aging are
replicated in two independent cohorts. Spatial patterns of accelerated brain aging in older adults
quantitatively align with the archetypal sensorimotor-to-association axis of cortical organization.
Other brain aging gradients reflect neurobiological hierarchies such as gene expression and
externopyramidization. Participant-level correspondences to brain age gradients are associated with
cognitive and sensorimotor performance and explained behavioral variance more effectively than
global brain age. These results suggest that regional brain age patterns reflect fundamental principles
of cortical organization and behavior.

‘Brain age’ is an increasingly recognized biological clock used to measure
overall brain health1,2 (Fig. 1A). A ‘global’ brain age is typically estimated in
an individual using machine learning models trained to predict chron-
ological age fromMRI, assigning a single estimated age for the entire brain3.
The difference between predicted and chronological age (brain age gap;
BAG) is an estimate of the biological age of a brain, reflecting genetic and
lifestyle influences3. Higher BAG denotes accelerated brain aging, and has
been linked to mortality, dementia, and other neurological or psychiatric
conditions4–6. However, summarizing brain aging as a single global
value risks obscuring spatial gradients that govern cortical
organization7–16 (Fig. 1B).

Recent advances enable region-specific brain age estimates directly
from T1-weighted images, without relying on predefined structural
properties17,18. Convolutional neural networks (CNNs) can learn features
directly from 3D images that are predictive of age, offering insights into
aging that go beyond traditional singular morphometric measures such as
grey matter volume17,18. These regional brain age metrics provide the
opportunity for a more spatially precise approach than traditional global
brain age estimates, allowing for the examination of region-specific varia-
bility within and across individuals, including how andwhy such variability
emerges (e.g., inherent properties of the cortex or individual differences in

health or lifestyle). However, the neurobiological and behavioral relevance
of these regional estimates remain underspecified, especially in neurologi-
cally intact individuals. Little is known about whether patterns of regional
brain aging have behavioral correlates, or if they follow neurodevelop-
mental, phylogenetic, or molecular hierarchies1. Addressing these knowl-
edge gaps could bridge brain agingmetrics to fundamental principles about
the organization of the cortex and associated behaviors7–16.

Regional brain aging also provides a novel lens with which to test
hypotheses about the cortex. For example, ‘last in,first out’predicts that late-
developing frontal association cortices should age faster or earlier than
sensorimotor cortices due to unique metabolic, genetic, or functional
properties19–22. Further, accelerated aging in functionally specialized regions
should relate to domain-specific behavioral decline.While these hypotheses
have been supported using traditional morphometrics19–22, they are unable
to be tested with global brain age and, to our knowledge, have not yet been
tested using deep learning-derived regional brain age. As brain age becomes
more widely used1,2, it is vital to understand how it aligns with known
neurobiological constructs.

Here,we examinepatterns of regional brain aging in335neurologically
intact adults (20-86 years) through the lens of the sensorimotor-to-
association (S-A) axis of cortical organization16,23–25. The S-A axis provides a
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quantitative framework that leverages ten well-validated measures of
regional neurobiology, including aerobic glycolysis, cerebral blood flow,
cortical thickness, allometric scaling, anatomical and evolutionary hier-
archy, gene expression, externopyramidization, and functional neuroima-
ging meta-analyses7–16. Heterogeneous distributions of those cortical
properties were mapped using diverse methods such as positron emission
tomography (aerobic glycolysis11), arterial spin labeling (cerebral blood
flow12), and primate-human comparative neuroimaging (evolutionary
hierarchy9). The ‘archetypal S-A axis’ represents a composite map of those
properties, where high-ranking areas (association) develop later, are phy-
logenetically newer, and exhibit distinct functional, structural, and mole-
cular features compared to low-ranking, phylogenetically older
sensorimotor regions16,23–25. Our primary aim was to determine whether
patterns of regional brain aging align with the above hierarchies.

In this context, we found that frontal association cortices show
accelerated aging relative to sensorimotor regions in older adults,
consistent with the ‘last in, first out’ hypothesis. A data-driven ana-
lysis of region-specific brain age gaps (regiBAG) identified six
replicable spatial patterns in two independent cohorts. These patterns
aligned with specific cortical hierarchies, including the archetypal
S-A gradient. Participant-level correspondences to these brain age
patterns significantly explained cognitive and sensorimotor perfor-
mance, even after accounting for demographic factors. Importantly,
the regiBAG approach outperformed global brain age (gloBAG) in
accounting for behavioral variance. Together, these findings suggest

that spatial patterns of brain aging reflect fundamental principles of
cortical organization and may offer a more biologically and beha-
viorally informative alternative to global brain age.

Results
We estimated region-specific and global (i.e., ‘whole-brain’) brain ages in
335 neurologically intact adults (20-86 years) using volBrain’s ‘Brain
Structure Ages’18,26, an automated CNN pipeline trained and validated
using thousands of MRIs. It uses features learned directly from T1-
weighted images that are predictive of chronological age without relying
on predefined morphometric or volumetric properties. This allows for
spatially localized age estimates (regional brain ages) which are then, in
turn, used as features in a support vector regression framework imple-
mented by volBrain to generate an estimated ‘global’ brain age (see
Methods). We calculated region-specific (104 regions) and global BAGs
(regiBAG; gloBAG) for each participant by subtracting brain age esti-
mates from chronological age. To quantify neurobiological hierarchies,
we used the S-A axis framework7–16. Using preexisting vertex-wise data
(https://github.com/PennLINC/S-A_ArchetypalAxis 16), we made 10
cortical maps in volBrain’s parcellation (Fig. 2). These maps consist of
regional rankings of the different neuroaxes, wherein higher numerical
rankings tend to indicate prototypical association cortices. For all cortical
analyses described below, we used parcel-based permutation spin testing
(pspin

27) to determine correlation significance, which accounts for spatial
autocorrelation between two cortical maps.

Fig. 1 | Publications related to brain age and cor-
tical gradients. A PubMed query for articles with
the phrase “brain age” OR “brain aging” in the title
or abstract. B PubMed query for articles with the
phrases “gradient(s)”, “hierarchy/hierarchical”, or
“axis/axes”AND “cortical” or “cortex” in the title or
abstract. Both highlight a rapid increase in pub-
lications in recent years.
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Spatial patterns of accelerated brain aging in older adults follow
the S-A axis
In 335 participants, we used a two-level analysis to test the ‘last in,
first out’ hypothesis19–22. For the first level, we assessed relationships
between chronological age and regiBAG across the 104 cortical
regions using Spearman correlations. This provided a

heterogeneously distributed spatial map of regiBAG x chronological
age relationships, identifying areas where older adults exhibited
relatively accelerated or decelerated brain aging (Fig. 3B, cortical
surface). For the second-level analysis, we compared this spatial map
to the maps of 10 neurobiological gradients using pspin with FDR
correction (Fig. 3B, scatterplots).

Fig. 2 | Sensorimotor-to-association axis and sub-
gradients. Cortical maps for neurobiological gra-
dients in volBrain’s parcellation; vertex-wise values
provided by (16; https://github.com/PennLINC/S-
A_ArchetypalAxis). S-A axis16: An ‘archetypal’ gra-
dient of sensorimotor-to-association cortices which
combined corticalmaps from ten fundamental brain
features.Allometric Scaling10: The relative amount of
regional expansion to overall brain size in humans.
Externopyramidization15: The ratio of supragranular
pyramidal neuron soma size to infragranular pyr-
amidal neuron soma size. Cerebral Blood Flow12:
Blood perfusion as measured by arterial spin label-
ing.Anatomical Hierarchy7: The T1-weighted to T2-
weighted ratio, which distinguishes sensorimotor-
to-association via differences in laminar organiza-
tion and myelination. Cortical Thickness16: Quanti-
fied from structural MRI provided by the Human
Connectome Project S1200. Evolutionary
Hierarchy9: macaque-to-human regional expansion.
Gene Expression13: The first principal component of
brain-expressed genes, capturing the greatest frac-
tion of total gene expression variance across cortical
areas.Aerobic Glycolysis11: Quantified from positron
emission tomography metrics of glucose use and
oxygen consumption. NeuroSynth PC114: First
principal component of a neuroimaging meta-
analysis of 24 terms (e.g., motor, visual perception,
emotion, social cognition).
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The regiBAGxchronological agemapwas significantly correlatedwith
four gradients: gene expression (rs = 0.67, pFDR = 0.002), the archetypal S-A
axis (rs = 0.65, pFDR = 0.002), externopyramidization (rs = 0.58,
pFDR = 0.004), and anatomical hierarchy (rs = 0.62, pFDR = 0.003). Late-
developing frontal cortices showed accelerated aging relative to sensor-
imotor cortices in older adults, consistent with the ‘last in, first out’
hypothesis. Further, these results suggest that three specific cortical prop-
erties may underlie region-specific aging vulnerabilities: (1) high tran-
scriptional variability (gene expression), (2) lower neuron density and larger
infragranular pyramidal soma size (externopyramidization), and (3) less
myelination (anatomical hierarchy).

Spatial patterns of regional brain age are robust and reflect
neurobiological hierarchies
Brain structure varies within and between individuals16,28, but whether deep
learning-derived regiBAG captures interpretable spatial patterns remains
underspecified.Toaddress this,weusedexploratory factor analysis (EFA) to
identify patterns of regional brain aging in two independent cohorts: our
Aging Brain Cohort29 (ABC; n = 167) and a replication group from Open-
Neuro (Grady30–34; n = 158). We chose the Grady data because their parti-
cipants had a similar age range as the ABC data, were neurologically intact,
and becausemany other publicly available datasets (e.g., UKBioBank, Cam-
Can) had already been used to train volBrain’s CNN model.

ABC: EFA revealed six factors of brain aging (KMO = 0.96; Bartlett’s
χ2 = 67,143.84, p < 0.001), explaining 95% of total variance: Factor 1 –
frontal, 31.03%; Factor 2 – dorsal, 29.05%; Factor 3– ventral, 20.81%; Factor
4 – left frontotemporal, 9.59%; Factor 5 – right temporoparietal, 2.93%;
Factor 6 – dorsal frontal, 1.70%.

Grady: EFA yielded six similar gradients (KMO = 0.96; Bartlett’s
χ2 = 63,831.37, p < 0.001), with 95% variance explained and similar spatial
distributions: Factor 1 – frontal, 27.31%; Factor 2 – dorsal, 24.59%; Factor 3
– ventral, 23.26%, Factor 4 – left frontotemporal, 17.52%, Factor 5 – right
temporoparietal, 2.39%; Factor 6 –medial, 1.37%.

Pairwise pspin between each of the six identifiedABCandGrady factors
(e.g., F1 vs. F1, F2 vs. F2, etc.) revealed that theywere significantly correlated
(rs range: 0.74–0.95; all two-tailed p’sFDR: <0.008; SI Table 1; SI Fig. 1). This

suggests that the identified brain age patterns are reproducible in inde-
pendent datasets, and that they are not likely to be artifacts of study-specific
noise or spatial autocorrelation.

Considering the consistency of these findings, we combined the two
datasets (N = 335) and repeated the EFA, which again identified six factors
(Fig. 4A). Areas with higher factor loadings in each pattern are those where
accelerated brain aging contributedmost strongly to the variance explained.
Critically, none of the six factors were significantly correlated with one
another (pairwise pspin rs range: −0.66 to 0.27; p’sFDR > 0.42; SI Table 2),
suggesting that each factor captures a partially distinct brain aging pattern.

We then testedwhether these six brain agingpatterns alignwith 10 S-A
neuroaxes. Two-tailed pspin tests were performed for each factor against all
10 neurobiological gradients, with FDR correction applied per factor.
Regional loading scores from four of the six factors were significantly cor-
related with neurobiological hierarchies (Fig. 4B). Factor 1 (frontal) was
related to gene expression (rs = 0.75, pFDR < 0.001), the archetypal S-A axis
(rs = 0.48, pFDR = 0.05), externopyramidization (rs = 0.69, pFDR < 0.001), and
anatomical hierarchy (rs = 0.70, pFDR < .001). Factor 2 (dorsal) was nega-
tively correlated with externopyramidization (rs =−0.60, pFDR = 0.03) and
NeuroSynthPC1 (rs =−0.61, pFDR = 0.03). Factor 3 (ventral) was negatively
correlatedwith the archetypal S-A axis (rs =−0.58, pFDR = 0.02) and aerobic
glycolysis (rs =−0.71, pFDR = .002). Factor 4 (left frontotemporal) was
correlated with the archetypal S-A axis (rs = 0.24, pFDR = 0.02) and evolu-
tionary hierarchy (rs = 0.26, pFDR = 0.02). Factors 5 and 6 were not sig-
nificantly correlated with any of the S-A neuroaxes. Taken together, these
findings suggest that established neuroaxes are latent constructs that
underlie emergent gradients of regional brain aging.

Spatial patterns of brain aging are related to cognitive, sensory,
and motor performance
Here, we examined whether the identified brain age gradients have neu-
roanatomically sensible relationships with behavior, andwe compared their
explanatory power to an alternative approach using global brain age gaps.
Using the six factors derived from the combined ABC and Grady EFA
(N = 335), we extracted participant-level factor scores reflecting how
strongly each individual’s brain aging pattern matched each factor (Fig. 5).

Fig. 3 | Accelerated regional brain aging in older adults aligns with cortical
gradients. A Regional and global brain age estimates for three example participants.
Colored diamonds represent global brain age estimates (in years), and the dashed
line represents chronological age. B Cortical map displaying regional correlations
(Spearman’s rho) between regional brain age gaps (regiBAGs) and chronological
age. Warmer colors (yellow) indicate regions with accelerated aging in older adults
relative to cooler colored regions. Scatterplots illustrate second-level analyses

relating this aging pattern to ten established neurobiological gradients of the S-A
axis. Each point is a cortical region, with colors matching those on the surface map.
X-axes represent each region’s rank on an S-A gradient, and Y-axes represent the
regional correlations (Spearman’s rho) between chronological age and regiBAG
from the first-level analysis. Significant correlations (pspin, FDR-corrected p < 0.05)
are indicated by red boxes. Regression lines and corresponding R² values are shown
for visualization.
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Fig. 4 | Gradients of regional brain aging. A The six identified regiBAG factors
(brain age gradients) from the combinedABC andGrady EFA, with regional loading
scores displayed on cortical surfaces. Red indicates higher loading in the identified
factor. B The heatmap shows Spearman’s rho for pairwise comparisons between the
factor maps and S-A neuroaxes. Black boxes indicate significant correlations,

determined via pspin tests with FDR correction (pFDR < 0.05). Note that, with pspin
testing, medium-to-strong correlations between two cortical maps can be insignif-
icant if their spatial pattern closely matches what could arise by chance due to spatial
autocorrelation.

https://doi.org/10.1038/s42003-025-08228-z Article

Communications Biology |           (2025) 8:802 5

www.nature.com/commsbio


We then used these factor scores as predictors in stepwise linear regression
models, along with age, sex, and education, to explain behavioral variance.
Critically, participant-level factor scores were orthogonal (rs range:−-0.05
to 0.06; p’suncorrected > .32; SI Table 3). Because behavioral data were una-
vailable for the Grady cohort, regression analyses were limited to the ABC
group (N = 167). For global brain age, separate stepwise linear regression
models were used, with global brain age gap, age, sex, and education as the
independent variables. Cognitive status was assessed with the Montreal
Cognitive Assessment (MoCA35). Multimodal sensory abilities were asses-
sed with the National Institutes of Health (NIH) Visual Acuity Test36

(vision) and a pure tone threshold test (hearing). Gross motor skills were
assessedwith theNIHStandingBalanceTest (balance) and 4-meterwalking
gait speed (locomotion)37.

MoCA score variance was significantly explained by amodel including
age, education, and scores from Factors 5 and 6 (F(4,162) = 19.0, p < 0.001,
adj. R2 = 0.3). Factors 5 and 6 (right temporoparietal and medial) sig-
nificantly improved model fit (Factor 5 ΔR2 = 0.04, p = 0.005; Factor 6
ΔR2 = 0.02, p = 0.04). Visual acuity variance was significantly explained by
age, education, and Factor 3 (F(3, 163) = 26.2, p < 0.001, adj. R2 = 0.31).
Scores fromFactor 3 (ventral visual stream) significantly improvedmodelfit
(ΔR2 = 0.02, p = 0.02). Hearing variance was significantly explained by age,
education, and Factor 5 (F(3, 163) = 78.7, p < 0.001, adj. R2 = 0.58), with
Factor 5 (right temporoparietal) significantly improving model fit (ΔR2 =
0.01, p = 0.04). With the combined ABC/Grady EFA approach, brain age
patterns did not significantly contribute to model fit for balance or loco-
motion. However, using the factor scores from the ABC-only EFA, variance
in balance was significantly explained by age and Factor 2 scores (F(2,
155) = 10.15, p < 0.001, adj. R2 = 0.1), and variance in locomotion (gait
speed) was significantly explained by age, sex, and Factor 6 scores (F(3,
163) = 5.35, p = 0.002, adj. R2 = 0.07). In the alternative models using global

brain age gaps instead of factor scores, global brain age gaps did not improve
model fit for any behavioral measure beyond age, sex, and education.

Discussion
Neurobiological gradients govern the spatial organization of the
cortex16,23–25. We investigated how these gradients are reflected in regional
brain age patterns derived from deep learning17. We provided five findings:
(1) Frontal association cortices exhibited accelerated brain aging relative to
sensorimotor cortices in older adults; (2) Six brain aging gradients replicated
across independent datasets; (3) Four of these gradients corresponded to
established neuroaxes; (4) Participant-level alignment with specific brain
aging patterns related to individual differences in cognitive and sensor-
imotor performance; (5) The regional brain age approach explained beha-
vioral variancebetter thanglobal brain age gaps.Thesefindingshighlight the
promise of regional brain age as biomarkers that bridge established cortical
principles and behavior.

The heterogenous pattern of brain aging across the lifespan was
organized anteriorly-to-posteriorly (Fig. 3B). In older adults, frontal
association cortices displayed accelerated aging relative to sensorimotor
cortices, supporting the ‘last in, first out’ hypothesis19–22. This map of
brain aging across the lifespan aligned with the archetypal S-A axis, gene
expression, externopyramidization, and anatomical hierarchy. Thus,
three cortical properties appear particularly relevant to regional aging
susceptibility: (1) high transcriptional variability (gene expression), (2)
lower neuron density and larger infragranular pyramidal soma size
(externopyramidization), and (3) lower myelination (anatomical hier-
archy). These properties may mechanistically underpin the vulnerability
of association cortices to accelerated aging. For example, regions with
high transcriptional variability have greater expression of genes related to
neurodegeneration13, while areas with inherently less myelination may be

Fig. 5 | Individualized patterns of brain aging revealed by factor scores. Exemplar
participants for each identified factor, with the highest factor score for each parti-
cipant indicated in bold. Regional and global brain age gap color scales are centered
around a brain age gap of 0. Global brain age estimates are shown with colored
diamonds, and chronological age is shown with a dotted black line. Participant-level

factor scores, chronological age, and gloBAG are provided in the corresponding
tables. regiBAG factor analysis allowed for patterns of accelerated regional brain
aging to be captured and related to cognitive, sensory, and motor performance in
neurologically intact adults.

https://doi.org/10.1038/s42003-025-08228-z Article

Communications Biology |           (2025) 8:802 6

www.nature.com/commsbio


more vulnerable to deleterious effects of metabolic stress, inflammation,
and oxidative damage38–40.

Factor analysis revealed six reproducible brain aging gradients, four of
which significantly aligned with S-A neuroaxes. Factor 1, primarily medial
frontal, resembled the map of accelerated aging in older adults identified in
Fig. 3B and mirrored the archetypal S-A axis, gene expression, externo-
pyramidization, and anatomical hierarchy. These neuroaxes capture areas
with protracted development and plasticity, which, when combined with
inherently high transcriptional variability, less myelination, and lower
neuron density, may amplify susceptibility to both modifiable and non-
modifiable neurodegenerative risk factors41–43. These convergent molecular
and cellular features provide a plausible mechanistic basis for why Factor 1
explained the largest share of variance in the brain aging patterns.

Factor 2 revealed a dorsal pattern (motor and superior parietal cor-
tices), negatively correlating with the pyramidal map and NeuroSynthPC1.
These areas are continuously engaged during everyday sensorimotor
demands14, have highneurondensity44, and are heavilymyelinated7,making
them generally robust against age-related deterioration19,22,45. However,
prior work in older adults has found that cardiovascular health and physical
fitness are associated with preserved integrity of the dorsal ‘action’
pathway46,47. Thus, this brain age pattern is a promising candidate as a
dimension of brain health that, while having inherently ‘robust’ cortical
properties, may be sensitive to modifiable factors such as physical activity.

Factor 3, resembling the ventral visual stream, negatively correlated
with the archetypal S-A axis and aerobic glycolysis. These regions have low
metabolic demands, and, like the above-mentioned dorsal stream, are
typically robust against age-related atrophy19,22,45. However, ventral stream
deterioration is associated with visual impairments and cognitive decline,
which often coincide48–50. Given our own results linking this brain age
gradient to visual acuity, Factor 3 emerges as a promising candidate for
exploring mechanistic links between vision, brain health, and cognition.

Factor 4, centered around left frontotemporal cortices, correlated
with the archetypal S-A axis and evolutionary expansion. These regions
are phylogenetically newer, as determined via primate-human com-
parative neuroimaging9. We suggest that this brain aging pattern repre-
sents portions of the canonical language network, given its left-
lateralization51, alignment with evolutionary expansion (language is a
recent evolutionary adaptation52), and overlap with regions important for
language53–55 (e.g., Broca’s area). While this language-related interpreta-
tion awaits further testing, identification of this factor suggests that
phylogenetically newer, left-lateralized cortices represent a distinct
dimension of brain aging.

Factors 5 and 6 loaded heavily on right temporoparietal and bilateral
medial areas, respectively. They did not significantly align with the S-A
neuroaxes and may instead correspond with alternative hierarchies not
tested here, such as those capturing neurogenesis or archicortical
patterning56–60. They may also reflect individual, health-related differences
(e.g., Factor 5’s relationship to hearing, see below) rather than general
neurobiological hierarchies. Also of note, Factors 4 and 5 were lateralized.
Replication of these gradients in independent datasets suggests that they are
not artifacts of noise. We contend that they reflect genuine lateralized
patterns, which would be consistent with known functional asymmetries in
the brain (e.g., language: typically left51; visuospatial attention: typically
right61). The degree of lateralization can vary among individuals62,63, which
may explain why certain participants exhibit more pronounced lateralized
brain aging patterns than others. Previous research using alternative
approaches has also found evidence for lateralized cortical gradients56,64,65.

Finally, participant-level correspondences to specific brain age gra-
dients explained behavioral variance beyond chronological age, sex, and
education. Participants that more closely matched Factor 5 (right tempor-
oparietal) had worse hearing and cognitive status, demonstrating a pro-
mising shared neural substrate for the link between hearing loss and
cognitive decline66–69. Brain aging in the bilateral ventral stream was asso-
ciated with worse visual acuity, validating regional brain aging with the
neuroanatomical ‘ground truth’ that the ventral stream is vital for visual

processing and shape recognition70–72. Factors 2 and 6 (dorsal and medial)
significantly explained variance inwalking gait and standing balance scores,
again highlighting sensible brain-behavior relationships, this time in dorsal
‘action’ stream areas73–75. Importantly, identifying these brain-behavior
relationships required the regional brain age approach. Global brain age
gaps did not explain variance beyond demographic variables. This suggests
that future studies examining brain-behavior associations using brain age
could benefit from a regional approach similar to the one employed here.

There are several limitations and possible extensions of this work. This
studywas cross-sectional and cannot determine causality between brain age
and behavior. Longitudinal designs could explore how brain age changes
within individuals over time, and how this relates to behavior. We focused
our analyses on 10 gradients within the S-A axis framework. Other estab-
lished gradients exist56–60, which could provide additional information about
cortical properties that underlie brain age patterns. Although subcortical
structures are also given brain age estimates by volBrain, we restricted our
analyses to cortical regions to directly compare our findings to established
cortical S-A gradients; future studies should explicitly explore how sub-
cortical brain age relates to health and behavior, as these regions would also
be expected to have meaningful variations in structure within and across
individuals. Regional brain age approaches in patient populations may
provide novel insights about brain health and clinical outcomes. While our
brain-behavior effect sizesweremodest, it is important to recognize that our
neurologically intact cohort had relatively restricted behavioral and neu-
roanatomical variability. Finally, future work should clarify how specific
modifiable health factors or individual differences relate to regional
brain aging.

In conclusion, we identified robust and reproducible spatial patterns of
regional brain aging and linked them to established neuroaxes. Cortical
properties of high gene expression, low neuron density, and large infra-
granular pyramidal soma size, and less myelination underlie a dominant
pattern of brain aging, centered around frontal association cortices. This
provides mechanistic insights into regional vulnerabilities to aging that
future studies could leverage to better understand or prevent brain health
decline. Additionally, the relationships between brain aging patterns and
behavior validate the functional significance and interpretability of these
data-driven gradients. With the growing recognition of brain age as a
meaningful biological clock, this work provides a vital foundation for
research aiming to identify modifiable factors, mechanisms, and interven-
tions that can promote healthier brain aging trajectories.

Methods
Participants
167 participants aged 20-80 (mean = 48.8 yo; 125 female; Table 1) were
recruited as part of the University of South Carolina’s ongoing Aging Brain
Cohort project (ABC29) and had available neuroimaging and behavioral
measurements. ABC focuses on neurologically intact, community-dwelling
adults. It has the following exclusion criteria: history of stroke, diagnosis of
neurodegenerative disease, serious acute or chronic conditions that would
limit their ability to participate, any severe current illnesses (e.g., cancer),
psychiatric diagnosis (e.g., schizophrenia), or anyonewith a BMI of > 42 kg/
m2. Participants were native English speakers. All study procedures were
approved by the Institutional Review Board of the University of South
Carolina.Written informed consentwas obtained fromeachparticipant.All
ethical regulations relevant to human research participants were followed.
The replication data (Grady30–33) consisted of 158 participants aged 20-86
(mean = 49.46 yo; 99 female). They were free from major psychiatric or
neurological conditions, cognitively normal (MMSE > 26), and fluent
English speakers.

Tasks, measurements, and procedures
Cognitive. Participants completed the Montreal Cognitive Assessment
(MoCA35). Trained research associates administered the MoCA after
completing the official MoCA Training and Certification course. Note
that, although all participants were independent and community-
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dwelling, with no diagnosis of cognitive impairment or neurological
disorders, participants displayed a relatively wide range of scores (19 to
30) with 22.7% of participants scoring in the at-risk range forMCI (≤2535;
Table 1).

Sensory. Two sensory tasks were administered by trained research
associates to measure hearing and vision. Hearing: a pure-tone audio-
metric threshold test (PTT) administered in a soundproof booth using
the Amplivox 170 audiometer/headphone set. Participants indicated
when they heard a tone, and the audiometer recorded theminimum level
(threshold) in decibels at which the tonewas reliably detected (detected at
least 2/3 times presented). The test covered the following frequencies for
both ears: 250 Hz, 500 Hz, 1000 Hz, 2000Hz, 3000 Hz, 4000 Hz, 6000 Hz,
and 8000 Hz. A single PTT score was calculated for each participant in
accordance with the criteria established by the World Health
Organization76: for each frequency, we selected the lower (better)
threshold between their left and right ears, and then averaged across all
frequencies. A higher PTT score indicates worse hearing.

Vision: theNational Institutes of Health (NIH)Visual Acuity Test was
administered36. It assesses corrected distance vision by having participants
sit 3 meters away from an 11-inch iPad and verbally identify single letters
that appear on the screen. The letters get progressively smaller, and lower
scores indicate worse vision.

Motor. To measure locomotion and balance, we used the NIH 4-Meter
Walk Gait Speed Test and NIH Standing Balance Test37. In the 4-meter
walk, participants are timed as they are instructed to walk 4 meters at a
normal speed on a flat surface, specifically at the speed at which they
would walk down the street. Participants are given a practice trial, and
then two real trials, and their speed in the two trials is averaged to create a
final score. For balance, participants are asked to perform a series of poses
on a foam pad. It involves the participant assuming and maintaining five
poses for 50 seconds each. The sequence of poses is: eyes open on a solid
surface, eyes closed on a solid surface, eyes open on a foam surface, eyes
closed on a foam surface, and eyes open in tandem stance on a solid
surface. Postural sway is recorded for each pose using an accelerometer
worn at waist level.

MRI acquisition. ABC: T1-weighted images were collected for each
participant using a Siemens Prisma Fit 3 T scanner with a 20-channel

head/neck coil and the following parameters: 3D MP-RAGE sequence,
voxel size = 1 ×1 x 1 mm; field of view = 256 × 256 x 192 mm; preparation
repetition time = 2530 ms; inversion time = 925 ms; flip angle = 9°; echo
time = 4.11 ms; GRAPPA x2 acceleration (80 reference lines).

Grady: T1-weighted images were collected for each participant using a
Siemens Trio 3 T scanner and the following parameters: 3D MP-RAGE
sequence, voxel size = 1 × 1 x 1mm; field of view = 256mm; acquisition
matrix = 192 × 256 x 160; repetition time = 2000 ms, echo time = 2.63ms.

Brain age estimation. Global and regional brain age estimates were
calculated using volBrain’s BrainStructureAges18,26, an automated, pub-
licly available pipeline which takes un-preprocessed T1-weighted images
as input. BrainStructureAges estimates brain age through a multi-step
deep learning process. First, brain structures are parcellated into 133
ROIs withAssemblyNet, a validated deep learning ensemble of 3DU-Net
models trained to replicate high quality manual segmentations of
microanatomical brain regions made by expert radiologists and neu-
roanatomists according to the BrainCOLOR protocol77,78. The model
integrates multiple overlapping subvolumes, refining segmentation
accuracy by leveraging the strengths of different U-Net models. A
separate U-Net model ensemble was trained to predict chronological age
at the voxel level from raw T1-weighted image signal. These models
employ convolutional and deconvolutional layers to progressively learn
spatial patterns and features in the MR image that are most predictive of
chronological age, without relying on predefined morphometric features
like cortical thickness or volume. This results in a single, ‘global’ esti-
mated brain age for each individual based on the entire brain, as well as a
heterogenous map of region-specific age estimates for each individual.
The heterogenous maps allow for more spatially precise investigations of
howvariations in regional brain structure (which arise due to participant-
level genetic or health factors, or due to general cortical properties) relate
to behavior or to established neurobiological gradients.

volBrain was trained and tested on thousands of MR images from
various datasets, with chronological ages ranging 5 to 85. As part of the
model training to estimate voxelwise brain age, each preprocessed T1-
weghted MRI (registered to MNI space as part of volBrain’s preprocessing
pipeline, with dimensions 181×217×181 voxels at 1 mm³ resolution) was
first downsampled by a factor of two, resulting in a lower-resolution 91 ×
109 × 91 voxel image. Next, overlapping sub-volumes of size 32×48×32
voxels were extracted across the downsampled image. Specifically, 125 sub-
volumeswere evenly spacedalong the three spatial dimensions, ensuring full
coverage. Each sub-volumewas thenused to train a separateU-Netmodel to
predict voxel-wise chronological age. This resulted in 125 independently
trained U-Net models, each contributing to a reconstructed 3D age map of
91 × 109 × 91 voxels. For regions where voxels appeared in multiple over-
lapping sub-volumes, predictions were averaged across models to reduce
variability. This 3D age map was upscaled using trilinear interpolation to
match the original MRI resolution and is used to derive regional and global
brain age estimates.

During training, each voxel within the intracranial cavity (ICC) was
assigned the participant’s chronological age as its ground truth value, while
voxels outside the ICC were set to zero. The models were optimized using
stochastic gradient descent (SGD) with the mean absolute error (MAE) as
the loss function. Trainingwas performed inmini-batches of 8 images, with
an early stopping criterion of 20 epochs if no improvement in validation loss
was observed.ThefirstU-Netwas trained fromscratch,while the remaining
models were initialized using transfer learning from neighboring U-Nets to
enhance efficiency. Training data was split into 80% training and 20%
validation sets, and each time a new U-Net was trained, the training/vali-
dation split was redefined tomaximize the use of available data. Tomitigate
overfitting, random spatial shifts were applied, as well as mixup augmen-
tation, which combines patches from different subjects to improve gen-
eralization. To validate the chronological age prediction in an independent
testing set, they computed the regional brain ages of the U-Nets’ training
subjects. This data was then used to train a support vector regression-based

Table 1 | Demographic, behavioral, and brain age variables for
ABC data

Demographics Mean or % SD or N

Sex, female 74.8% 125

Age, years 48.8 19.7

Education, level (1 = elementary school; 7 = graduate
degree)

5.1 0.9

Cognitive

MoCA score 27.4 2.4

MoCA score ≤ 25 22.7% 38

Sensory

Pure tone threshold 12.2 13.5

NIH visual acuity 108.3 13.8

Motor

NIH Standing Balance 105.1 9.8

NIH 4-meter gait speed 3.6 0.7

Brain age

Global brain age gap -1.4 4.7

Global brain age > chronological age 35.9% 60
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Table 2 | Stepwise linear regression results

DV: MoCA Model 1 Model 2 Model 3 Model 4

β p β p β p β p

Age −0.483 <0.001*** −0.463 <0.001*** −0.486 <0.001*** −0.502 <0.001***

Sex 0.050 0.463 0.065 0.337 0.060 0.366 0.051 0.435

Education 0.156 0.022* 0.121 0.077 0.138 0.040* 0.138 0.040*

Factor 1 −0.038 0.577 −0.042 0.538 −0.047 0.479 −0.032 0.626

Factor 2 −0.087 0.203 −0.092 0.171 −0.075 0.257 −0.064 0.329

Factor 3 −0.037 0.602 −0.011 0.873 −0.017 0.806 −0.014 0.833

Factor 4 −0.036 0.603 −0.031 0.640 −0.035 0.595 −0.033 0.613

Factor 5 −0.184 0.007** −0.184 0.007** −0.209 0.002** −0.180 0.008**

Factor 6 0.161 0.018* 0.189 0.005** 0.189 0.005** 0.201 0.003*

Adj. R2 (p) 0.229 (<0.001***) 0.258 (<0.001***) 0.289 (0.001***) 0.303 (0.001***)

ΔR2 (p) 0.033 (0.007**) 0.035 (0.005**) 0.018 (0.040*)

DV: Visual Acuity Model 1 Model 2 Model 3

β p β p β p

Age −0.522 <0.001*** −0.535 <0.001*** −0.577 <0.001***

Sex −0.032 0.636 −0.039 0.552 −0.054 0.403

Education 0.170 0.010* 0.170 0.010* 0.163 0.013*

Factor 1 −0.029 0.636 −0.011 0.872 −0.016 0.808

Factor 2 0.025 0.705 0.037 0.575 0.029 0.654

Factor 3 −0.170 0.013* −0.162 0.017* −0.162 0.017*

Factor 4 −0.086 0.194 −0.083 0.205 −0.063 0.332

Factor 5 −0.052 0.439 −0.015 0.827 0.006 0.927

Factor 6 −0.031 0.641 −0.013 0.848 −0.006 0.925

Adj. R2 (p) 0.268 (<0.001***) 0.293 (<0.001***) 0.313 (<0.001***)

ΔR2 (p) 0.029 (0.010*) 0.024 (0.017*)

DV: Pure Tone Threshold Model 1 Model 2 Model 3

β p β p β p

Age 0.736 <0.001*** 0.752 <0.001*** 0.732 <0.001***

Sex −0.032 0.546 −0.023 0.646 −0.033 0.518

Education −0.198 <0.001*** −0.198 <0.001*** −0.178 <0.001***

Factor 1 −0.020 0.711 −0.041 0.420 −0.037 0.466

Factor 2 0.026 0.629 0.012 0.808 0.017 0.740

Factor 3 −0.026 0.641 −0.036 0.496 −0.051 0.337

Factor 4 0.051 0.337 0.047 0.359 0.045 0.374

Factor 5 0.145 0.006** 0.106 0.041* 0.106 0.041*

Factor 6 −0.020 0.712 −0.042 0.414 −0.054 0.289

Adj. R2 (p) 0.539 (<0.001***) 0.576 (<0.001***) 0.584 (<0.001***)

ΔR2 (p) 0.039 (<0.001***) 0.011 (041*)

DV: NIH Standing Balance+ Model 1 Model 2

β p β p

Age −0.303 <0.001*** −0.329 <0.001***

Sex 0.024 0.754 0.013 0.866

Education 0.069 0.369 0.056 0.463

Factor 1 −0.027 0.722 −0.026 0.732

Factor 2 −0.158 0.041 −0.158 0.041*

Factor 3 0.021 0.787 0.013 0.864

Factor 4 0.044 0.568 0.046 0.542

Factor 5 −0.025 0.751 −0.022 0.776

Factor 6 −0.024 0.754 −0.023 0.762

Adj. R2 (p) 0.086 (<0.001***) 0.104 (<0.001***)

ΔR2 (p) 0.024 (0.041*)
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model with 10-fold cross-validation, resulting in 10 separate SVR models.
Each test sample was evaluatedwith all 10models, and their age estimations
were averaged to ensuremodel generalization. Two out-of-domain datasets
were then used to assess model accuracy. These SVR models are used to
generate global (e.g., ‘whole-brain’) brain age estimates.

Regional quantification of the sensorimotor-to-association axis
and subcomponents
To quantify the S-A axis and its respective gradient feature maps, thus giving
each region in volBrain’s parcellation an average score reflecting its location
along the S-A neuroaxes, we used the fsaverage5 vertex-wise metrics pro-
vided by (16; https://github.com/PennLINC/S-A_ArchetypalAxis) and the
following steps. First, AssemblyNet is used to segment the MNI152 1mm
space template by directly submitting this map to the volBrain protocol. To
achieve more uniform coverage of cortical regions for improving projection
onto surface space (i.e., around sulci), each voxel within the cerebrospinal
fluid ROI in the segmentation is reclassified by assigning it the label of the
nearest cortical voxel based on Euclidean distance. Each ROI within the
segmentation is then binarized and independently projected onto the
fsaverage surface using a high-quality nonlinear RT-ANTs transformation79.
A winner-take-all approach is then used to assign ROIs to vertices lying on
the boundaries between regions using brainSurfer80.

The surface-space segmentation or ‘atlas’ is then downsampled to the
fsaverage5 template using FreeSurfer to match the template for the vertex-
wise metrics provided by ref. 16. Then, using customMATLAB scripts, we
calculated the vertex-wise average for each ROI for the S-A axis and its
subcomponents. Note that we did not include the functional hierarchy
measure here due to its strong correlations with gene expression, Neuro-
Synth PC1, cerebral blood flow, aerobic glycolysis, and cortical thickness16,
indicating that it is adequately captured by other gradients. The averaged
values were then ranked such that lower values for each gradient indicate
sensorimotor cortices and higher values indicate association cortices, as was
done in ref. 16. Thus, each cortical volBrain ROI (N = 104) was bestowed a
single rank value for each of the S-A measures (Fig. 2).

Statistical Analyses
Parcel-based permutation spin testing. For all cortical analyses
comparing two spatial maps (e.g., Factor 1 vs. S-A axis ranks), we used
permutation spin testing (pspin

27) via the netneurotools package (https://
github.com/netneurolab/netneurotools) to account for spatial auto-
correlation. Permutation spins randomize spatial correspondences
between cortical maps while preserving their intrinsic spatial structure.
Cortical surface data for each hemisphere were mapped to a spherical
coordinate system using FreeSurfer’s standard left and right hemisphere

spherical surfaces, which aligned cortices to a common spherical mesh
while preserving geodesic distances. Non-cortical ROIs were excluded.

For each hemisphere, parcel centroids were computed as the mean
spherical coordinates of all vertices within each parcel. To ensure geometric
validity for spin rotations, centroids were projected onto the unit sphere by
normalizing their Euclidean coordinates. Spins were generated indepen-
dently per hemisphere by randomly rotating spherical coordinates and
subsequently assigning rotatedcoordinates back tooriginal parcels using the
Hungarian algorithm.Using 5000 permutations, values from onemapwere
rotated within each hemisphere and then concatenated to form a null
whole-cortex dataset, while the other map’s values remained fixed. The
Spearman correlation between maps was then recalculated for each per-
mutation to construct a null distribution. A two-tailed p-value was then
computed by comparing the proportion of null correlations to the observed
correlation magnitude, with a continuity correction applied to account for
finite permutations.

Spatial patterns of accelerated brain aging in older adults follow
the S-A axis
First, for each of the 104 cortical regions, we used nonparametric Spear-
man’s correlations to extract the strength and direction of the relationship
between chronological age and regional brain age gaps. This first-level
analysis resulted in a heterogenous distribution of correlation coefficients
across the cortex, representing the relationship between brain age gap and
chronological age for each region. Higher values, displayed as brighter
yellow in Fig. 3B, indicate regions with relatively higher regional brain age
estimates in older participants. Next, the resulting map was compared to
maps of 10 neurobiological gradients using pspin with FDR correction.

Spatial patterns of regional brain age reflect neurobiological
hierarchies
In SPSS (IBM Corp. Released 2023. IBM SPSS Statistics for Macintosh,
Version 29.0.1.0 Armonk, NY: IBM Corp), exploratory factor analysis
was conducted using principal axis factoring with the regiBAG correla-
tion matrix. We chose exploratory factor analysis (EFA) with varimax
rotation to identify cortical brain age gradients because it explicitly
models latent constructs (in our case, hypothesized to be neurobiological
gradients), enhances interpretability by ensuring regions load onto dis-
tinct factors, and aligns with our goal of capturing distinct, theoretically
meaningful dimensions of brain age variation. Factors were kept based
on eigenvalues greater than 1, with a maximum of 25 iterations for
convergence. Varimax rotation with Kaiser normalization was applied to
the extracted factors to enhance interpretability81. This rotation method
was chosen to minimize the number of brain regions that have high

DV: 4-meter gait speed+ Model 1 Model 2 Model 3

β p β p β p

Age 0.201 0.009** 0.212 0.006** 0.229 0.003**

Sex 0.158 0.039* 0.158 0.039* 0.166 0.028*

Education −0.066 0.387 −0.073 0.334 −0.092 0.226

Factor 1 −0.055 0.474 −0.034 0.663 −0.035 0.643

Factor 2 −0.094 0.225 −0.082 0.289 −0.081 0.290

Factor 3 −0.116 0.138 −0.107 0.166 −0.098 0.200

Factor 4 −0.077 0.316 −0.063 0.406 −0.065 0.385

Factor 5 −0.006 0.935 −0.014 0.851 −0.023 0.758

Factor 6 −0.148 0.053 −0.157 0.038 −0.157 0.038*

Adj. R2 (p) 0.035 (.009**) 0.054 (0.004**) .073 (0.002**)

ΔR2 (p) 0.025 (0.039*) 0.024 (0.038*)

Models explain variance in cognitive, sensory, andmotor tasks using age, sex, education, and participant-level factor scores derived from the combinedABC/GradyEFA. Bold indicates a variable that was
added to the significant model at each step. *** indicates p < 0.001, ** indicates p < 0.01, * indicates p < 0.05. + indicates that, for the motor tasks, we used ABC-only EFA participant-level factor scores.
Factor scores did not significantly improvemodel fit for these two taskswhen using the combinedABC/GradyEFA scores. Equivalentmodels using gloBAG insteadof participant-level factor scores did not
explain behavioral variance beyond age, sex, and education.

https://doi.org/10.1038/s42003-025-08228-z Article

Communications Biology |           (2025) 8:802 10

https://github.com/PennLINC/S-A_ArchetypalAxis
https://github.com/netneurolab/netneurotools
https://github.com/netneurolab/netneurotools
www.nature.com/commsbio


loadings on each factor, thereby removing multicollinearity for the
purpose of using regional and participant-level factor scores for linear
regression in subsequent analyses. The regiBAG rotated factor matrix
loading scores were extracted for each region for each factor. Two-tailed
pspin tests were then performed for each factor against all 10 neurobio-
logical gradients, with FDR correction applied per factor.

Spatial patterns of brain aging are related to cognitive, sensory,
and motor performance
Based on the six factors identified above, participant-level factor
scores were computed using the regression method in SPSS. These
factor scores were subsequently used in five stepwise linear regression
models to investigate the relationship between patterns of brain aging
and performance on cognitive (MoCA), sensory (visual acuity and
PTT), and motor tasks (standing balance and 4-meter gait speed).
Each model included nine independent variables: the six factor
scores, age, sex, and education, and variables were entered into the
model at a significance level of 0.05 and removed at 0.10. Full model
results can be seen in Table 2. We compared these models to identical
models that used gloBAG instead of the factor scores.

Statistics and reproducibility
All statistical analyses were conducted as detailed in the Statistical
Analyses section. Sample sizes were based on the full set of eligible
participants meeting inclusion criteria and were sufficient to ensure
statistical power (N = 335). Final sample sizes are reported for each
analysis. No data points were excluded unless otherwise specified.
Statistical tests were selected based on data type and distributional
assumptions; all tests were two-sided unless stated otherwise. Mul-
tiple comparisons were corrected using false discovery rate (FDR)
procedures where applicable. All imaging and behavioral analyses
were conducted using pre-specified pipelines applied uniformly
across participants. Findings were replicated in two independent
cohorts using matched preprocessing and analysis procedures.

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

Data availability
A subset (N = 158) of the neuroimaging data used here can be found on
OpenNeuro (https://openneuro.org/datasets/ds005270/versions/1.0.0;
https://doi.org/10.18112/openneuro.ds005270.v1.0.0). The S-A axes data
can be found at https://github.com/PennLINC/S-A_ArchetypalAxis. The
regional maps of S-A axes ranks, in volBrain’s parcellation, can be found
here: https://doi.org/10.17605/OSF.IO/X8QP9. The Aging Brain Cohort is
an internally funded project with ongoing data collection. Data requests can
be made here: https://abc.sc.edu/abc-repository-data-requests/.

Code availability
Brain ages from structural MRI (raw T1s) can be fully and automatically
replicated here (https://volbrain.net/services/BrainStructureAges), including
full preprocessing, segmentation, and brain age estimation. pspin was per-
formed with Netneurotools’ gen_spinsamples (https://github.com/
netneurolab/markello_spatialnulls/blob/master/scripts/empirical/generate_
spin_resamples.py). Code for generating parcel maps from vertex-wise S-A
axis data, as well as generating parcel maps from regional brain age factor
loadings and spin testing, can be found here82: https://doi.org/10.17605/OSF.
IO/X8QP9. These volumetric parcel maps can be automatically projected
into the appropriate surface space via brainSurfer’s GUI80 (https://github.
com/alexteghipco/brainSurfer; https://doi.org/10.5281/zenodo.7271544).
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