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Abstract

Ageing is marked by widespread cortical changes, but the molecular underpinning
and network connectivity shaping this variability remain poorly understood. We
analysed structural MRI from 952 adults aged 18–94 using morphometric simi-
larity networks, subtype/stage inference, and cortical transcriptomics. Based on
intra-network connectivity within three major cortical networks and their associ-
ations with longevity genes, two robust subtypes emerged. The normative-ageing
subtype (metabolic-immune) showed connectivity profiles consistent with typical
age-related decline and was enriched for genes involved in metabolism, insulin
signalling, and immune regulation. The compensatory subtype (stress-repair)
displayed more preserved intra-network connectivity and was linked to stress-
response, DNA repair, and proteostasis genes. Although the two subtypes overlap
in oxidative stress and neurodegeneration pathways, their distinct molecular
signatures capture biologically meaningful differences in cortical ageing. By inte-
grating network-based morphometry with transcriptomics, we establish a novel
framework to distinguishes normative decline from compensatory adaptation in
ageing profiles to provide biologically informed markers of brain ageing.
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Introduction

Ageing is associated with widespread changes in brain structure and function, which
unfold along similar, yet heterogeneous trajectories across individuals. Understanding
the biological underpinnings of this variability is critical to differentiating healthy age-
ing from age-related neurodegenerative processes. While neuroimaging studies have
delineated normative patterns of cortical morphometry – such as changes in corti-
cal thickness, surface area, and folding [1–3] – the system-level organization of these
changes, and their relationship to molecular ageing mechanisms, remain elusive.

Morphometric similarity networks (MSNs) offer a biologically relevant, data-driven
framework to investigate coordinated anatomical organization across the cortex. MSNs
take into account pairwise similarity of multiple morphometric features between
cortical regions, providing a mesoscale map of structural connectivity that reflects
underlying cytoarchitecture and shared developmental or genetic influences [4–6]. Mor-
phometric similarity is increasingly recognised as a biologically meaningful marker of
individual differences in brain anatomy in both health [5, 7] and disease [8–10]. The
strong association between morphometric similarity and cortical cytoarchitecture sug-
gests that MSNs capture coordinated cellular architecture, enhancing their utility in
ageing research. Furthermore, regions with higher morphometric similarity are more
likely to be structurally and functionally connected [11, 12], making MSNs relevant for
studying large-scale cognitive networks such as the default mode (DMN) and central
executive network (CEN), which are especially sensitive to age-related reorganisation
and cognitive decline [7, 13, 14].

Recent evidence suggests that MSNs variability is, at least in part, shaped by asso-
ciations with genetic variations [15, 16], supporting their application in genetically
informed models of inter-individual variability in brain ageing. Given their biological
and functional relevance, MSNs may offer a robust framework to uncover the hetero-
geneity of cortical ageing trajectories, and to map them onto distinct molecular and
network-level pathways. Here, we hypothesised that estimating individual variability
in morphometric similarity profiles across the cortex could provide insights into how
structural network organization relates to heterogenous ageing patterns, and to both
healthy and pathological trajectories of cognitive decline.

To address this, we utilised structural MRI, cortical transcriptomics, and norma-
tive modelling (incorporating the Subtype and Stage Inference (SuStaIn) framework
[17]), to study MSN-functionally-based ageing phenotypes in over 900 healthy adults
spanning the adult lifespan. Specifically, we applied a data-driven subtyping and stag-
ing approach to intra-network MSN connectivity within three core cognitive networks–
the DMN, CEN, and visual network and examined their spatial similarity with the
cortical expression patterns of longevity-associated genes.
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Materials and Methods

MRI datasets

MRI data included 952 healthy participants obtained from three MRI exchange plat-
forms: The Nathan Kline Institute (NKI) [18], OASIS1-2 [19, 20] and IEEE-Openhb
[21]. All data were previously collected, and extensive documentations on the scan-
ner types and protocols used for these studies can be found in [18–21]. In short, only
3D-T1-weighted images from each dataset were used for the purpose of our study (see
details in Supplementary Information section 3). All 952 images were preprocessed on
the Swansea University High Performance Computer, using (FreeSurfer version 6.0)
and the recon-all command with default parameters for cortical surface reconstruction.

Morprhometric Similarity Networks Construction

The cortex was divided into 148 regions of the Destrieux Brain Atlas (DBA) imple-
mented in FreeSurfer. DBA is parcellated by automatically classifying each vertex on
the surface mesh as sulcal or gyral, which are then parcellated into 148 labels, i.e.,
74 in each hemisphere. There are nine morphometric features of interest – surface
area, gray volume, thickness average, thickness standard deviation, mean curvature,
Gaussian curvature, folding index, curvature index – which can be extracted from the
FreeSurfer output, for all 148 regions in the DBA. More detailed description of the
procedure can be found in SI 3 and in [7].

The morphometric similarity networks (MSNs) were created by calculating the cor-
relation coefficient of z-normalised morphometric features, to create 148×148 networks
for each participant. We then applied Fisher’s transformation to convert the correla-
tion coefficients to normally distributed z-scores. The self-correlations were replaced
with the value 0. Three networks were created on combinations of different features
for each participant: 4v-feature (4vf), 4c-feature (4cf) and 5-feature (5f), similar to
[7]. In short, the 4vf network was constructed on the inter- regional pair-wise correla-
tions between the volume, surface area, thickness, and thickness standard deviation.
The 4cf networks were constructed by correlating intra-regional curvatures and their
indices; 5-feature networks were construed on the intra-regional correlations between
the volume, surface area, thickness, Gaussian curvature, and folding index, similar
to [7]. These feature combinations were chosen to capture complementary aspects of
cortical morphology that differ in their sensitivity to ageing and developmental influ-
ences. The 4vf network combines volumetric and areal measures (volume, surface area,
thickness, and thickness variability), which are known to decline with age and strongly
reflect neurodegenerative and plastic processes [22]. In contrast, the 4cf network, based
on curvature-derived measures, represents geometric properties of cortical folding that
are largely established early in development and relatively stable across adulthood
[3]. The 5f network integrates both volumetric and curvature-based metrics to pro-
vide a more comprehensive morphometric profile [5]; however, this combination may
dilute age-related variance by combining features with different biological timescales.
Thus, examining all three configurations allows differentiation between structural fea-
tures that are age-sensitive (4vf), developmentally constrained (4cf), and combined
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but less specific (5f), providing a more refined assessment of which morphometric
combination/dimension best capture ageing-related network (re)organization.

We then calculated the weighted node degree [23] – to quantify connectivity char-
acteristics within three cognitive networks: Default Mode Network, Central Executive
Network and Visual Network (VIS). The mean value of the weighted node degree
for each network’s left and right hemisphere was used as a proxy for ’intra-network
connectivity’. These networks are known to show distinct structural trajectories with
ageing, with association networks such as the DMN and CEN exhibiting earlier and
more pronounced morphometric changes than primary sensory systems like the VIS
[24, 25]. The DMN is associated with self-referential and memory-related processes;
the CEN is involved in attention, working memory, and goal-directed control; and the
VIS is supporting sensory-perceptual integration.

SuStaIn Model

For the SuStaIn model [17] we stratified the participants into two age groups – young
adults (YA): 18 to 30 yea (n = 199) and healthy ageing group (HA): 45 to 94 yea (n =
753) (see Fig. S1 for their demographic characteristics). We normalised the MSNs to
the YA group [17] and we then identified any (healthy ageing) biomarkers whose mean
value were less than the mean value of the YA group (those biomarkers decreasing
as ageing progresses) and multiply the data for these biomarkers by - 1. We selected
z scores of 0.5, 1 and 1.5, and maximum z = 3. Only the ageing group is used for
machine learning classification into subtypes. Given the balanced distribution of males
and females in each group, the data were not corrected for sex at this stage. However,
corrections for any potential confounds were applied during the post-hoc analyses and
tests (see Statistical Analysis).

Genetic Analysis

Longevity-associated genes were obtained from the GenAge database GenAge and
compared with cortical transcriptomics maps from the Allen Human Brain Atlas
(AHBA). Only genes present in both datasets were retained for analysis. Regional
expression values were mapped onto the DBA regions to match the MSNs resolution,
similar to our eariler work [26]. In cases where AHBA data did not cover a given cor-
tical region, missing values were replaced with the regional or hemispheric mean. For
each cortical region, partial correlations were computed between intra-network connec-
tivity values (within DMN, CEN, VIS) and regional gene expression, while controlling
for cortical thickness and surface area. Multiple tests positive associations were cor-
rected using False Discovery Rate (FDR) at the 0.05 level. This framework, adapted
from our previous work in a similar context [27], ensured that gene–network associa-
tions reflected regional variability beyond global morphometric effects. For more details
about the genetic analysis see SI section 3. Gene functions were obtained from RefSeq
summaries in the NCBI Gene database National Center for Biotechnology Informa-
tion (NCBI) and gene database Bethesda (MD): National Library of Medicine (US),
National Center for Biotechnology Information, available here. A table generated from
this search is available in the project’s OFS directory (see SI for details).
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Statistical Analysis

Study participants were divided into young adults (YA) and healthy ageing (HA)
groups, according to their age band. Demographic characteristics of the participants
for the YA and HA groups are – Male/Female ratio: 97/102; 320/433; Age range in
years: 18 -30; 45 - 94; with an average age in each group – YA:22(3); HA: 66(11).

Cortical morphometric characteristics across the study groups were compared using
the non-parametric Kruskall-Wallis test followed by the Mann-Whitney U test with the
Bonferroni correction for post-hoc analysis. When data did not show mean differences
between two classes, logistic linear regression was used to test for the effect of age
and gender on subtypes classification. Associations between networks patterns and
variations in the longevity genes’ expressions in the brain were estimated using partial
correlation, with cortical thickness and surface area as covariates. P values were FDR-
corrected at a significance threshold of 0.05.

Results

Age-Associated Subtypes in Morphometric Similarity and
Gene Expression

To investigate whether patterns of cortical network connectivity – measured by the
intra-network node strength – show differences across the lifespan, we performed
SuStaIn analysis on intra-network node strength calculated on the DMN, CEN,
and VIS networks, using three types of MSNs – 5-feature, 4-volumetric-feature, and
4-curvature-feature. The analysis was performed separately for the left and right hemi-
spheres to account for known hemispheric asymmetries in cortical structure, gene
expression, and ageing trajectories [26, 28, 29]. This separation allowed us to examine
whether patterns of morphometric similarity and subtype emergence differ between
hemispheres, providing a more anatomically and biologically precise characterisa-
tion of cortical changes across the lifespan. We found two distinct subtypes, denoted
Subtype 1 and Subtype 2, emerging only within the 4vf type of MSNs. Subsequent
gene-expression analyses revealed distinct molecular associations for each, enabling
more intuitive, biological, interpretation as the normative-ageing and compensatory
subtypes. In addition, the subtypes exhibited hemispheric asymmetry, i.e., a single
subtype was found in the right hemisphere for the VIS network. This is consistent
with the view that visual cortex regions are the last ones to experience age-related
changes compared to, e.g., frontal or temporal regions [14, 30].

Fig. 1 shows the number of individuals within each subtype and their overlaps
across the networks. Most of the time, individuals stay within their assigned sub-type
and there is a strong consistency of over 80% of individuals classified into the same
subtype regardless of the network examined. Visualisations of the subtypes’ associa-
tions with age is shown in Fig. 2. Both subtypes show that morphometric similarity
increases with age across the DMN, CEN, and VIS. This pattern indicates that cortical
regions within each network become more morphometrically alike with ageing, reflect-
ing coordinated structural change with ageing. In addition, compensatory, Subtype 2,
has higher mean age compared to (norma) Subtype 1 (65.5 vs 70.0 yea), however, they

5



were not different on average. In the repeated test where age was included as a co-
variate – the results showed significant (p<.0001) contribution of age to the sub-types’
classification, reaching the accuracy of ≈ 93% (see Fig. S2).

Fig. 1 Visualisation of subtype overlap across cortical networks (DMN, CEN, VIS) in left and
right hemispheres. Bars represent the number of participants sharing each combination of subtype
membership across the Default Mode (DMN), Central Executive (CEN), and Visual (VIS) networks.
Filled dots indicate networks included in each overlap combination.

Genetic Associations of Network Subtypes and Longevity

Having established two intra-network connectivity subtypes, we next investigated
whether these distinct patterns of connectivity are associated with cortical maps
of gene expression. In particular, we were interested in any significant associations
between intra-network connectivity and human longevity genes (AgeGene) [31].

To examine the relationship between morphometric similarity and genes impli-
cated in human longevity [31] (see also SI section 3 for detailed explanation), all
age-gene–MSN associations were calculated using partial correlation, while controlling
for regional variations in regional surface area and its thickness. Although a similar
number of longevity-associated genes were significantly correlated with morphometric
similarity across subtypes (Fig. 3), their spatial and network-level profiles differed. In
Subtype 1, morphometric similarity was associated with expression of genes involved
in, or related to metabolism, insulin signalling, and immune regulation. These included
IRS1 and PPARGC1A (glucose/insulin pathways and cholesterol/obesity), GSK3B
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Fig. 2 Age-related intra-network connectivity across cortical networks and subtypes. Intra-network
connectivity (sum of node weights) for the Default Mode Network (Left), Central Executive Network
(Middle), and Visual Network (Right), is plotted against participant age for the two SuStaIn-derived
subtypes. Subtype 1 (normative-ageing), Subtype 2 (compensatory). Solid lines represent least-
squares trend fits. Both subtypes show modest positive slopes with age, with higher mean connectivity
in Subtype 2 across all networks.

(energy metabolism and neurodegeneration), and transcriptional regulators (E2F1,
MXD1). Notably, FOXO1 (myogenic growth, differentiation) and PLCG2 (immune
signalling, autoinflammation) showed negative associations with intra-network con-
nectivity, suggesting potential protective or resilience-related effects in this subtype.
Subtype 2 was characterised by genes involved in cell stress, apoptosis, DNA repair,
and protein degradation. These included DDIT3 (ER-stress–induced apoptosis), UBB
(ubiquitin system, Alzheimer’s/Down syndrome), STUB1 (protein quality control,
spinocerebellar ataxia), and GSK3B (metabolic and neurodegeneration pathways).
However, genes such FEN1, a key DNA repair gene, showed a negative associa-
tion, indicating possible protective contributions against progression in this subtype.
Despite overlaps (E2F1, MXD1, GCLM, GSK3B), Subtype 2 displayed stronger
links to stress-response and neurodegenerative mechanisms. Overlapping genes (E2F1,
MXD1, GCLM, GSK3B) mainly cluster around cell cycle regulation, oxidative stress,
and metabolic/neurodegenerative pathways – suggesting a common core biology across
both subtypes, with divergence in additional stress/apoptosis vs. metabolic/immune
signatures. Unique to subtype 1 genes, involve metabolism, insulin signalling, mito-
chondrial function, and immune regulation, while genes unique to subtype 2 are
related to cell stress responses, apoptosis, DNA repair, and protein degradation –
processes closely tied to neurodegeneration (see, e.g., [32, 33]). These findings sug-
gest that although some neuroprotective pathways may be common across ageing
subtypes, each group also exhibits distinct molecular signatures potentially reflective
of different structural ageing trajectories. Pathway-wise, large-scale genomic analy-
ses of brain and systemic ageing similarly report strong enrichment of lipid-metabolic
and immune processes—along with drug-target associations which conceptually align
with the metabolic–insulin and immune signatures observed in our normative-ageing
subtype [34, 35].

Subtype-specific Node Maps of Genetic Associations

To better understand the regional contributions to age-gene–MSN associations, we
identified the top contributing cortical nodes for each subtype. There were 18 nodes
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Fig. 3 Association between longevity genes and cortical morphometric similarity. (Top). Subtype 1
and significant genes (Right) Subtype 2 and significant genes. The p-values (corrected at 0.05 and
uncorrected at 0.01) show significant correlations between the genes and node weights controlled for
regional variations in cortical thickness and surface area.Subtype 1 was enriched for metabolism- and
immune-related genes (e.g., IRS1, PPARGC1A, GSK3B, E2F1), with FOXO1 and PLCG2 showing
negative associations suggestive of protective effects. Subtype 2 was characterized by stress- and
neurodegeneration-related genes (e.g., DDIT3, UBB, STUB1, GSK3B), with FEN1 showing a negative
association consistent with possible protection. Overlapping genes (E2F1, MXD1, GCLM, GSK3B)
indicated shared pathways, but Subtype 2 showed stronger links to stress-response mechanisms,
contrasting with the more metabolic/immune profile of Subtype 1.

for Subtype 1 and 17 nodes for Subtype 2. Fig. 4 shows node significance in age-
gene-MSNs associations, calculated on partial correlations corrected for variations in
regional surface area and its thickness. Seven regions overlapped between subtypes,
including bilateral posterior ventral cingulate, superior frontal gyrus, lateral orbital
sulcus, and the right subcallosal gyrus – highlighting a shared involvement of core
DMN regions. Interestingly, all of these overlapping nodes were located in the left
hemisphere, suggesting a lateralised organization of genetic contributions to network
architecture. This left-hemispheric overlap was particularly prominent in regions affil-
iated with the DMN and CEN, (such as the left superior frontal gyrus, cingulate
cortex, and lateral orbitofrontal areas). The predominance of left-sided overlap may
reflect hemispheric specialisation in neurocognitive ageing processes, possibly related
to verbal memory, executive control, or compensatory reorganisation.
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The remaining nodes were subtype-specific. Subtype 1 showed greater involvement
of regions such as the left insula, precentral gyrus, and right intraparietal sulcus,
involved in CEN and in sensorimotor domains. Subtype 2 uniquely involved medial
occipital and temporal regions including the lingual and parahippocampal gyri, sug-
gesting stronger involvement of visual and memory-related circuits. Interestingly, only
3 Subtype 2 nodes were ’outside’ of the DMN, CEN and VIS networks, in contrast
to 6 of nodes of the Subtype 1. Also, 9 of 12 nodes affiliated with the three networks
in Subtype 1 and 8 out of 14 in Subtype 2 were in the right hemisphere, suggesting
again different involvement of genetic variations in network lateralisation.

Fig. 4 Node Significance in Age Gene-MSNs Associations in two Subtypes. Legend: Red – Positive;
Blue – Negative. Abbreviation: MSN - Morphometric Similarity Network.

Hemispheric distribution was balanced across subtypes (Subtype 1: 8 left, 11 right;
Subtype 2: 8 left, 9 right), with no clear lateralisation. Overall, while both subtypes
were anchored in DMN architecture, Subtype 1 was more aligned with executive-
motor integration, and Subtype 2 showed additional recruitment of visual and limbic
regions. Our hypothesis is that preservation of visual network regions is a hallmark of
resilience to cognitive impairment in later life.

To test the robustness of the age-gene–MSN associations, we re-ran the analyses
without controlling for cortical thickness and surface area. The resulting set of signif-
icant genes was different (Fig. S3), suggesting that some associations may be driven
primarily by global cortical morphology. Thus, our results corrected for the morpho-
metric confounds (regional cortical thickness and surface area) more accurately reflect
how regional morphometric similarity is associated with the longevity genes used in
our analysis.

Genetic Associations with Bilateral Cortical Morphometric
Networks

Finally, to explore the broader molecular underpinnings of cortical network organiza-
tion, we examined associations between bilateral MSNs and cortical gene-expression
maps from the AHBA resampled to the DBA resolution. This analysis included all
genes from the AHBA (mapped onto the DBA) to capture global transcriptional
influences on cortical morphometric similarity beyond longevity-related pathways.
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Fig. 5 Genetic variations and cortical morphometry. (Left) Spatial patterns of genetic associations
with cortical anatomy based on the Destrieux Brain Atlas. (Right) Pearson correlations between
the intra-network node weights of the morphometric similarity networks and its genetic network
counterparts.

The results revealed pronounced hemispheric asymmetry in gene–MSN associations,
explaining 24% of variance in the left hemisphere and 10% in the right (Fig. 5). These
associations were consistent across both age groups, suggesting that left-lateralised
molecular-structural coupling represents a stable feature of cortical organization across
the adult lifespan.

Morphometric Connectivity and Intra-network Differences
with Ageing

Given that our age-related subtypes of intra-network connectivity were found only for
4vf MSNs, we next investigated whether intra-network connectivity differed between
young adults and the healthy ageing group for 5v and 4cf MSNs. Intra-network node
strength was calculated for the DMN, CEN, and VIS networks of the three different
MSNs – 4vf, 4cf and 5v – and statistical differences were analysed between YA and
HA groups. Fig. 6 shows significant group differences in all three cognitive networks
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Fig. 6 The intra-network node strength for DMN, CEN and VIS networks in the two age groups:
healthy young adults and healthy ageing (HA). Statistically significant differences were found between
the YA and HA subjects for the 5-feature network in all three networks (DMN:p <0.0001; CEN: p
<0.0001; VIS: p= 0.02), and for the 4-curvature-feature network in the DMN (p= 0.008). The p-
values are corrected for multiple comparisons using Bonferroni correction.

for the 5f network, and within DMN for the 4cf. This is in agreement with [5], where 5f
MSNs were compared on the group-averaged level. Importantly, while the YA group
showed clear differences between 5f and 4vf networks, these distinctions were absent
in the HA group, suggesting a weakening of network-specific integration with age.

Global Morphometric Differences Between Age Groups

We then assessed broader morphometric changes across the cortex. Fig. 7 shows aver-
age morphometric features in YA and HA groups. All features—except two curvature
metrics—were significantly reduced in the HA group. These findings were consistent
across bootstrapped analyses.

Relationship Between Subtypes and Cognitive
Impairment

Finally, to contextualise the ageing-related subtypes, we compared HA subtypes to
cognitively impaired individuals (n = 39) classified by the Clinical Dementia Rating
scale (CDR=1 or 2). Figure 8 shows that, on average, the normative-ageing subtype
(Subtype 1) exhibits intra-network morphometric similarity patterns that are simlar
to those observed in the CDR 1/2 group, suggesting that both groups share compa-
rable network-level structural changes typical of age-related decline. In contrast, the
compensatory subtype (Subtype 2) shows a distinct profile, characterized by intra-
network similarity patterns that diverge from both the normative-ageing and young
adult groups. This difference suggests that compensatory reorganisation represents
an alternative, adaptive mode of cortical ageing rather than a simple extension of
normative structural change.

The CDR1/2 group’s broader morphometric changes across the cortex are shown
along the YA and HA groups (see Fig. 7).
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Fig. 7 Morphometric changes across cortical features in healthy young adults vs. older-age group,
z-normalised to the feature mean. Mann-Whitney U test with Bonferroni correction. (**: p-value <
0.001 *: p-value < 0.01.) L = Left, R = Right hemisphere. YA = Young Adults, HA = Healthy Ageing

Discussion

Here we present, to our knowledge, the first investigation of associations between
longevity-related gene brain expression and morphometric similarity networks in a
large adult cohort of over 900 individuals spanning the adult lifespan. The study
design, of integrating morphometric similarity network analysis with cortical maps of
longevity gene expression and normative modelling (incorporating subtyping and stag-
ing), provided a robust framework to capture individual variation in brain network
organization across adulthood. This approach revealed two distinct morphometric
similarity subtypes, each characterised by unique as well as overlapping associations
with cortical expression patterns of ageing-related genes. In addition, we linked these
associations with involvement in core cognitive networks, including the default mode,
central executive, and visual networks, and found evidence for network lateralisation,
with overlapping gene-associated nodes primarily found within the left hemisphere.
Based on their combined network and molecular associations, we refer to these as the
normative-ageing and compensatory subtypes, reflecting distinct but complementary
trajectories of cortical ageing.

Our results reveal two distinct age-related subtypes of intra-network morphometric
similarity, emerging only from volumetric-feature-based MSNs (4vf) and present across
core cognitive networks: DMN, CEN, and VIS (Figs. 1 & 2). These subtypes exhibited
robust consistency across individuals and networks, as well as hemispheric asymme-
tries, particularly in the visual system. The presence of a single visual subtype in the
right hemisphere aligns with prior evidence suggesting later vulnerability of the visual
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Fig. 8 Intra-network node strength for DMN, CEN and VIS networks in the mild to moderate
cognitive impairment (CDR1/2), two subtypes of the healthy adult and in the young adult (YA)
groups. Significant differences (p<.001) were found between subtype 2 and CDR1/2 in all boxplots
where this subtype is present.

cortex to ageing compared to other association areas. The lack of such subtypes’ clas-
sification from the 5f MSNs or curvature-only MSNs (4cf), indicates agreement of our
results with the current view of the field. That is, that volumetric morphometric fea-
tures are more sensitive to age-related network changes (see, e.g., [25]). The 5f MSNs,
while comprehensive combination of features, may dilute ageing-relevant signals by
combining feature types – age-sensitive volumetric measures and age-invariant curva-
tures – and the 4cf networks—focused solely on cortical folding—likely reflect more
developmentally fixed aspects of brain structure that are less responsive to changes
with ageing (for review see [36]). This highlights the specificity and sensitivity of volu-
metric metrics (regional surface area, thickness and volumes) in capturing biologically
meaningful heterogeneity in cortical ageing.

Among our top findings is that these subtypes were differentially associated with
cortical maps of longevity gene expression (Fig. 3). Subtype 1 showed spatial asso-
ciations with genes involved in circadian regulation, glucocorticoid signalling, and
metabolic processes—biological pathways broadly implicated in neuroendocrine ageing
and resilience. Subtype 2 was associated with genes involved in DNA repair and pro-
teostasis, reflecting a distinct molecular trajectory related to maintenance of genomic
and proteomic integrity. Several genes, such as GCLM, DDIT3, and GSK3B, were
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shared across both subtypes, indicating common oxidative stress and apoptotic mech-
anisms that may underlie general ageing processes in the brain. Given their network
characteristics shown in Fig. 8 – where Subtype 1 exhibits similarity to the cognitively
impaired group and Subtype 2 shows higher intra-network connectivity than both
young and healthy ageing groups – these molecular and network associations together
motivate their more intuitive interpretation as the normative-ageing and compensatory
subtypes.

Mapping these age-gene–MSN associations onto cortical regions revealed both
subtype-specific and overlapping patterns (Fig. 4). While 18 nodes were significant in
Subtype 1 (normative-ageing) and 17 in Subtype 2 (compensatory), seven regions –
including posterior cingulate, superior frontal, and lateral orbitofrontal areas – were
shared across subtypes. Importantly, all overlapping nodes were located in the left
hemisphere, suggesting lateralised genetic contributions to brain network architecture
in ageing. This hemispheric asymmetry was particularly evident within DMN and
CEN regions, highlighting the role of lateralised cognitive systems, such as executive
and verbal memory networks, in structuring molecular vulnerability or resilience [].

The remaining nodes displayed clear subtype specificity. Subtype 1 preferen-
tially involved prefrontal and sensorimotor regions, while Subtype 2 prominently
featured occipital and medial temporal areas, such as the parahippocampal and lin-
gual gyri—regions associated with visual processing and memory. These patterns
indicate that structural ageing subtypes are not only shaped by different molecular
signatures but also target distinct neuroanatomical systems. The observed increases
in intra-network morphometric similarity likely reflect convergent cortical changes
rather than enhanced functional coupling. As regions within a network undergo paral-
lel structural alterations, their morphometric profiles become increasingly correlated.
Such network-level convergence could represent shared susceptibility to ageing pro-
cesses or coordinated adaptation, depending on the underlying molecular context. In
this framework, the normative-ageing subtype captures typical structural convergence
with ageing, while the compensatory subtype exhibits more coordinated, possibly
adaptive reorganization consistent with stress-response and repair mechanisms. Our
lateralisation analysis further supports this view: the left hemisphere showed stronger
gene–MSN coupling (explaining 24% of variance) compared to the right (≈ 10%)
(Fig. 5). This asymmetry may reflect differential ageing dynamics across hemispheres
and underscore the functional specialisation of cortical networks.

Finally, we contextualised these subtypes by comparing them to individuals with
mild to moderate cognitive impairment (CDR1/2). The two cortical ageing subtypes
revealed by our analyses capture distinct yet complementary trajectories of brain
ageing. The normative-ageing subtype, although on average younger than the com-
pensatory group, exhibited morphometric network profiles resembling those observed
in individuals with early impairment, suggesting a trajectory characterized by more
homogeneous structural change and typical age-related decline. This pattern was asso-
ciated with the expression of longevity-related genes involved in metabolism, immune
regulation, and neuroendocrine signalling [37–39]. In contrast, the compensatory
subtype showed greater intra-network similarity across association cortices and was
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enriched for genes supporting DNA repair and proteostasis, consistent with an adap-
tive, stress-response–driven pathway [40–42]. Together, these findings indicate that
age alone does not dictate the pattern of cortical ageing; rather, distinct molecular and
network signatures underlie divergent paths of normative decline and compensatory
adaptation. Although the present cohort consisted of cognitively unimpaired adults,
the morphological resemblance between the normative-ageing subtype and the CDR
1/2 group suggests that coordinated structural change may precede overt cognitive
symptoms, bridging normative and pathological ageing trajectories. his interpretation
aligns with recent evidence that network-level alterations can emerge before amyloid
or tau accumulation in Alzheimer’s disease[43].

In conclusion, our results reported here suggest existence of distinct network
subtypes in morphometric similarity network organization which are associated with
specific genetic pathways revealing normative ageing and compensatory adaptation
patterns over the lifespan. The integration of gene expression, morphometric similar-
ity, and normative modelling provides a promising framework for tracking individual
differences in ageing and may inform strategies for personalised ageing interventions
or early detection of pathological trajectories. By spanning the adult lifespan, our
study captures the full spectrum of cortical ageing trajectories – from early midlife
to late adulthood – offering a unique opportunity to identify morphometric patterns
that may serve as early biomarkers of network changes or compensatory mechanism.
By combining normative modelling and transcriptomics, our findings pave the way
for individualised models of brain ageing that are both biologically grounded and
clinically informative.
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Supplementary information.

Free Surfer Analysis and Output. All 952 images were preprocessed on the
Swansea University High Performance Computer using FreeSurfer (version 6.0) and
the recon-all command with default parameters for cortical surface reconstruction,
ensuring consistency across different software and hardware versions. Additionally,
MRI data were corrected for site-specific acquisition differences by including scanning
site as a covariate in the analysis, which is a standard procedure followed in multisite
studies.

In FreeSurfer, cortical surface area reconstruction is calculated by correcting inten-
sity variations in MRI data, removing non-brain tissue (skull-stripping), segmenting
the gray-white matter interface, and separating the hemispheres and subcortical struc-
tures. The resulting volume is then filled, giving a representation of the cortical surface.
[44]. Gray matter volume is calculated by forming an oblique truncated triangular
pyramid between matching faces on the white and pial surfaces, which is then divided
into three tetrahedra. The total volume the sum of the three tetrahedra [45]. The
thickness is computed as the average of the thickness between the gray/white bound-
ary surface. The thickness standard deviation is computed based on the variation in
these measurements across the vertices of the cortical surface within a specific region
of interest [46]. Mean cortical curvature is calculated as the average of the principal
curvatures at each point on the cortical surface. Gaussian curvature is the product of
the two principal curvatures. The folding index (FI) is computed by integrating the
product of the maximum principal curvature and the difference between maximum
and minimum curvature and dividing by 4p. The Curvature index represents the aver-
age amount of curvature per region [47]. In short, FreeSurfer outputs were harmonised
arccos datasets following recommendations on image processing and quality control
from [48] and taking into account an improved inter-scanner segmentation stability of
the FreeSurfer version 6.0, which was used here [49].

MRI Datasets. The Nathan Kline Institute (NKI) Rockland Sample:
Anatomical T1-weighted MRI data were acquired using standard SIEMENS MAGNE-
TOM TrioTim syngo MR B15 scanner using an MPRAGE sequence. The anatomical
scan protocol is described in the following summary table (NKI-PROTOCOL). Struc-
tural images were collected using a three-dimensional high-resolution T1-weighted
gradient-echo (MPRAGE) sequence [TR=2.5s, TE=3.5ms, flip angle=8 degrees,
matrix size=256×256, voxel size=(1×1×1mm)3, 192 axial oblique slices]. Number of
images preprocessed and used from this dataset was N = 119.

OASIS: Anatomical T1-weighted MRI data were acquired using a Siemens 1.5T
Vision scanner using a Magnetization-Prepared Rapid Gradient Echo (MPRAGE)
sequence. Structural images were collected using a three-dimensional high-resolution
T1-weighted gradient-echo sequence with the following parameters: (TR): 9.7 ms (TE):
4.0 ms Flip Angle: 10°, Slices: 128 Resolution 256 × 256 (1 × 1 mm) [19]. Number of
images preprocessed and used from this dataset was N = 357 (OASIS-1) and N = 136
(OASIS-2). (There was 150 images in total in the OASIS-2 dataset, but 14 did not
pass QC and were not included.)
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Fig. S1 Age histograms of young adults (YA) (n=199) (Left Panel) and healthy ageing(HA) group
(n=753) (Right Panel).

IEEE: Anatomical T1-weighted MRI data in the Open BHB (Big Healthy Brains)
dataset were aggregated from more than 70 acquisition sites across ten publicly avail-
able cohorts (e.g., ABIDE-1/2, CoRR, GSP, IXI, Localizer, MPI-Leipzig, NAR, NPC,
RBP), encompassing over 5,000 unique healthy control participants (OPENBHB) [21].
Number of images preprocessed and used from this dataset was N = 340.

Genetic Analysis. Ageing genes were extracted from GenAge human ageing genes
database, derived from the latest stable build of GenAge [31]. The database, which
consists of 307 age-related genes in total, was resampled to the variants that match
those from the AHBA database. That way, 251 valid human genes were the same
in both databases and the matched dataset was used in our longevity-gene-MSNs
associations analysis. The full list of genes and their function, and related data files
are publicly available in the project’s OSF repository folder here.

DBA regional GWAS maps were extracted from the AHBA micro-array. In the
instances where no a DBA region was mapped by the AHBA gene expression array
– missing values were replaced with the corresponding overall mean – depending also
on the statistical test performed on the maps (either individual or nodal).

Fig. S2 Age boxplots of DMN and CEN of subjects’ subtypes.

SuStaIn stages.Across all networks (DMN, CEN, VIS), SuStaIn stages showed
age-related trends (see also Fig S5), with higher stages generally corresponding to
older mean ages, supporting the model’s sensitivity to age-related cortical progression.

22

https://baobablab.github.io/bhb/dataset
https://genomics.senescence.info/genes/microarray.php


Fig. S3 association between longevity genes and cortical morphometric similarity. (Top). Subtype
1 and significant genes (Right) Subtype 2 and significant genes. The analysis was performed without
corrections for cortical thickness and surface area variations.

Fig. S4 Mean age across SuStaIn stages for Subtype 1 (normative) and Subtype 2 (compensatory)
within the DMN, CEN and VIS (left to right panels) networks. Subtype 2 consistently shows higher
mean ages than Subtype 1, across DMN and CEN intra-network connectivity, while in the VIS
network, age differences were less pronounced. Across networks, higher SuStaIn stages corresponded
to older mean ages, indicating age-related progression in intra-network connectivity. DMN - Default
Mode Network; CEN - Central Network; VIS - Visual Network

Subtype 2 (compensatory) consistently showed higher mean ages across stages com-
pared to Subtype 1 (normative), particularly within the DMN and CEN networks.
The age separation between subtypes was most pronounced in frontal and central net-
works (DMN, CEN), aligning with known vulnerability of these systems to ageing. In
contrast, for inter-connectivity of the VIS network age differences between subtypes
were less consistent, and only Subtype 1 was evident in the right hemisphere.
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Fig. S5 Scatter plots showing mean age across SuStaIn stages for Subtype 1 (normative) and Sub-
type 2 (compensatory) in the left and right hemispheres of the DMN (top), CEN (middle), and VIS
(bottom) networks. Dashed lines represent linear fits, with corresponding R2 and p-values in the leg-
ends. DMN - Default Mode Network; CEN - Central Network; VIS - Visual Network
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