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Abstract

Background Ageing involves heterogeneous brain grey matter (GM) patterns that may overlap with dementia-
related changes. We evaluated cognitively unimpaired older adults to identify specific GM patterns, their clinical
and cognitive profiles, and longitudinal trajectories.

Methods We analysed 746 participants from the Gothenburg H70 study using random forest cross-sectional cluster-
ing based on MRI measures of cortical thickness and subcortical volume across 41 regions. Using regression-based
models, we examined associations with clinical, MRI variables, biochemical, and CSF Alzheimer biomarkers (n=286)
and assessed 5-year longitudinal cognitive and brain trajectories.

Results Five clusters emerged, mainly differing in frontoparietal regions. Compared to Cluster 1 (reference), Cluster

2 showed diffuse GM loss, higher odds of diabetes (OR=2.54, 95% C/ [1.27-5.06]) and at-risk alcohol consumption
(OR=1.83,95% C/[1.13-2.97]), poorer episodic memory (6= —0.19, p=0.014) and visuospatial abilities (= —0.21,
p=0.044), and greater longitudinal decline in MMSE (B/5,e = =045, p=0.035) and increase in white matter hyper-
intensity volume ([Ss,ope: 1.84, p=0.004). Cluster 3 showed thicker GM and lower BMI (OR=0.57, 95% C/ [0.35-0.94]).
Cluster 4 had preserved GM, lower smoking habits (OR=0.62, 95% CI [0.40-0.95]), triglyceride levels (OR=0.55, 95% CI
[0.32-0.95]) and depression (OR=0.17,95% C/ [0.05-0.56]), higher education (OR=2.52, 95% C/ [1.08-5.871), and better
cognition in multiple domains. Cluster 5 had a mixed GM pattern and higher odds of heart disease (OR=3.44, 95% (I
[1.48-8.01]).

Conclusions Cardiovascular and psychosocial factors influence GM integrity, which in turn relates to cognition. Tar-
geting these risk factors may preserve brain health in late life.
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Background

Dementia represents a major public health priority,
affecting over 55 million people worldwide [1]. With
projections expected to triple in the next 30 years, pre-
vention strategies are essential, as emerging evidence
suggests that up to 45% of cases could be avoided by tar-
geting modifiable factors [2]. However, early detection of
at-risk individuals remains challenging. Identifying clini-
cal risk profiles associated with pathological brain and
cognitive ageing in still asymptomatic individuals is key
to enable timely and targeted prevention strategies.

Structural magnetic resonance imaging (MRI) studies
have shown that ageing is associated with heterogene-
ous patterns of brain grey matter (GM) loss, particularly
in frontal and parietal lobes, as well as with reductions
in white matter (WM) volumes [3]. Considerable inter-
individual variability exists, and genetic, cardiovascular,
and lifestyle-related risk factors may accelerate these pro-
cesses [4—6]. These GM and WM changes are thought to
underlie the cognitive decline typically seen in ageing,
especially in processing speed and executive functioning
[3]. In contrast, neurodegenerative diseases associated
with dementia exhibit more pronounced and specific pat-
terns of cortical atrophy [7]. In Alzheimer’s disease (AD),
distinct and consistently observed subtypes include typi-
cal, limbic-predominant, hippocampal-sparing, and min-
imal atrophy patterns [8, 9]. Other characteristic atrophy
subtypes have been identified in Parkinson’s disease (PD)
[10] and dementia with Lewy bodies (DLB) [11]. Impor-
tantly, these changes often precede cognitive decline [12],
and characterizing their biological mechanisms in cogni-
tively unimpaired individuals may clarify the transition
from non-pathological to pathological brain ageing.

MRI studies employing data-driven clustering
approaches have increasingly been used to explore brain
morphological heterogeneity in cognitively healthy older
adults, revealing subgroups with distinct biological, cog-
nitive, and clinical profiles [13—15]. In our previous work,
we applied longitudinal Bayesian clustering to identify
frontoparietal GM atrophy patterns and trajectories that
were differentially associated with cerebrovascular bur-
den and cognitive decline [16]. However, relatively few
longitudinal studies have examined these associations in
nonclinical and demographically uniform populations
(12, 14].

In this study, we examined a cohort of cognitively
unimpaired older individuals from the general popula-
tion with the aim to (1) identify specific cortical and

subcortical grey matter patterns through cross-sectional
clustering; (2) investigate their associations with clini-
cal, neuroimaging, biochemical, and CSF features; and
(3) assess how these subgroups evolve over a 5-year
follow-up.

Methods

Study design

This study utilized data from participants in the Goth-
enburg H70 Birth Cohort Study (H70-1944), a Swedish
population-based study comprising individuals born in
1944 [17]. Between January 2014 and December 2016,
791 out of 1203 eligible 70 years old (65.8% response rate)
underwent brain MRI (see Fig. 1). After excluding par-
ticipants due to imaging quality issues (#=23) and neu-
rological disorders (n=22), the final sample included 746
cognitively healthy individuals (353 men, 393 women).
Cerebrospinal fluid (CSF) samples were available for 286
of these participants.

At the 5-year follow-up (age 75), 436 individuals (58.4%
of the whole sample) returned for re-evaluation. The H70
study received ethical approval from the Regional Ethical
Review Board in Gothenburg. Written informed consent
was obtained in agreement with the Helsinki Declaration.

Brain MRI acquisition and preprocessing

Participants were scanned on a 3.0 T Philips Achieva
system (Philips Medical Systems) at baseline and a 3.0 T
Philips Achieva dStream system (Philips Medical Sys-
tems) at the 5-year follow-up. The imaging protocol
included the following sequences: three-dimensional
(3D) T1-weighted turbo field echo (TFE); T2-weighted,
fluid-attenuated inversion recovery (FLAIR); diffusion
tensor imaging (DTI); and venous BOLD (VenoBOLD).
For detailed MRI acquisition parameters, see Rydberg
et al. [17]. All images were processed and stored through
TheHive database system at Karolinska Institutet [18]
and underwent quality control as described previously
[19].

Structural imaging
Brain morphometry was assessed using 3D T1-weighted
sequences.

All data were automatically processed with the cross-
sectional stream of FreeSurfer version 7.2. The longitudi-
nal stream of FreeSurfer 7.2 was used for all individuals
with two time points. Cortical thickness measurements
were extracted for a total of 34 cortical regions of interest
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The Gothenburg H70 birth cohort study
Born in 1944; Examined in 2014-16
Invited sample n=1839 (878 M, 961 F)

Excluded

traced n=143

Died before examination n=29
Not living in Gothenburg, could not speak Swedish, could not be

Declined participation n=464

Total sample invited for MRI examination
n=1203 (559 M, 644 F)

Excluded

Declined participation n=381
Not eligible for MRI (contraindications e.g., pacemaker, interrupted
MRI e.g., claustrophobia, declined at the examination) n=31

Baseline MRI sample
n=791 (377 M, 414 F)

Excluded

Failed MRI processing or quality control n=23
Dementia or MMSE <24 n=10

Neurological disorders (Parkinson’s Disease, hydrocephalus,
Multiple Sclerosis, epilepsy, brain tumor) n=12

Study sample
n=746 (353 M, 393 F)

CSF sub-sample
n=286 (147 M, 139 F)

Excluded

Deceased n=12
Dropout n=298 (declined participation n=111; lost contact n=37;
no follow-up MRI n=149; excluded due to technical reasons n=1)

S-year Follow-up sample
n=436 (203 M, 233 F)

Fig. 1 Flowchart of the study sample. The diagram illustrates the selection process from the original Gothenburg H70 birth cohort to the final study
sample, including exclusions, the CSF subsample, and the 5-year follow-up group. Abbreviations: M, males; F, females; MRI, magnetic resonance

imaging; CSF, cerebrospinal fluid

(ROISs) using the Desikan atlas [20]. Additionally, volume
measurements were extracted for seven subcortical ROlIs,
including the hippocampus, thalamus, amygdala, puta-
men, globus pallidus, nucleus accumbens, and caudate
nucleus. Combining regional cortical thickness measures
and subcortical volume measures has previously been
used in several multivariate classification [21-23] and
clustering studies [10, 16, 24]. Left and right hemisphere
measurements were averaged for all ROIs to reduce
dimensionality as well as facilitate interpretation and
comparisons with previous clustering studies [10, 16, 24].

Subcortical volumes were adjusted for total intracra-
nial volume (TIV) to account for natural interindividual
variability in head sizes using residuals of a least-squares-
derived linear regression between each volume and TIV
from FreeSurfer [25]. Mean cortical thickness was used as
a marker of non-AD-specific neurodegeneration [26]. A
cortical signature of AD-specific neurodegeneration was
calculated by averaging bilateral entorhinal, inferior tem-
poral, middle temporal, and fusiform thickness, adjusted

by cortical surface areas [27]. A cortical signature of brain
resilience was calculated by averaging anterior cingulate
and temporal pole thickness, adjusted by cortical surface
areas [28]. Mean thickness, AD and resilience signature
thickness, and hippocampal volume were distributed
normally, hence used as continuous measures. To avoid
circularity, mean cortical thickness, AD, and resilience
signatures were only used for longitudinal analysis since
clustering (described below) is based on baseline regional
cortical thickness and subcortical volume measures. Two
human phantoms were scanned 1.3 and 1.5 years apart,
respectively, before and after scanner upgrade. FreeSurfer
7.2 results from the two phantoms can be observed in
Additional file 1: Supplementary Table 1. Mean % change
across regions and across phantoms= —0.67%, which is
in line with the literature for test—retest reliability [29].

Cerebral small vessel disease (SVD)
Markers of cerebral SVD were visually assessed by a neu-
roradiologist using standard rating scales and according
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to the Standards for Reporting Vascular Changes on
Neuroimaging (STRIVE) [30]. SVD markers included
lacunes, identified as 3—15-mm hypointensities in T1 and
FLAIR, or hyperintensities in T2, cerebral microbleeds
(CMBs) count according to the microbleed anatomical
rating scales (MARS) [31], and perivascular spaces count
in the centrum semiovale (PVScs) and basal ganglia
(PVSbg), according to Mac Lullich’s rating scale (0-10
vs >11) [32]. Large infarctions were also visually assessed.

White matter hyperintensity volume

WMHYV was estimated using the lesion growth algorithm
(LGA) as implemented in the lesion segmentation tool-
box (LST v3.0.0) in SPM12 (https://www.filion.ucl.ac.uk/
spm/), based on probability maps derived from intensity
distributions in FLAIR images [33]. WMHY values were
normalized for TIV to account for individual differences
in head size. The continuous WMHYV measure at baseline
was categorized into three groups according to the data
distribution: T1 (<2.7), T2 (2.7-5.5), and T3 (>5.5 mm?),
with higher values indicating greater small vessel disease
burden. Longitudinal information on WMHV was also
available at the 5-year follow-up.

White matter microstructural integrity
Diffusion tensor imaging (DTI) sequences were used to
assess white matter microstructural integrity.
DTI-derived measure of fractional anisotropy (FA) was
extracted using the FMRIB’s Diffusion Toolbox from FSL
(v6.0.7.6) (https://fsl.fmrib.ox.ac.uk/fsl/fslwiki) [34]. The
FA measure in the white matter used in our analyses is
the mean FA of all voxels for each participant computed
within the FA skeleton mask, as described in detail else-
where [35]. The continuous FA measure was categorized
into three groups according to the distribution: T1 (<0.3),
T2 (0.3-0.4), and T3 (>0.4), with lower values indicating
WM degeneration.

Clinical and fluid biomarkers data

Clinical data were collected by trained research nurses
and medical doctors. Detailed assessment procedures
have been previously described [17] and are briefly sum-
marized below.

Sociodemographic data

Participants reported their biological sex at birth and
educational attainment, which was categorized into pri-
mary and lower secondary schooling (<9 years of for-
mal education), higher secondary schooling (9 years of
schooling or <2 years of vocational training), and higher
education (>2 years of vocational training or university).
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Vascular risk factors and medical conditions

Smoking was dichotomized into never vs. current/former
smoking. At-risk alcohol consumption was identified if
the person consumed > 100-g alcohol/week (equating to
heavy consumption by the National Institute on Alcohol
Abuse and Alcoholism) [36]. Physical activity levels were
measured using the IPAQ-SF and categorized based on
WHO and Swedish guidelines, as previously described
[36]. Briefly, participants were categorized into inactive
(no activity/sedentary most of the day or irregular lighter
walks) vs. active (regular nondemanding physical exer-
cise 2—4 times/week, demanding physical activities at
least 1 h/week, or regular hard exercise) [36]. Body mass
index (BMI) was dichotomized into normal vs. over-
weight/obesity if>25 kg/m? Hypertension was defined
as systolic blood pressure > 140 or diastolic blood pres-
sure>90 mm Hg or current antihypertensive treatment.
Cardio- and cerebrovascular conditions (heart diseases
such as myocardial infarction, angina pectoris, heart
failure, atrial fibrillation, and stroke/TIA) were diag-
nosed based on examinations, self-report, medication
use, or via linkage to the Swedish National Patient Reg-
ister (NPR), using the International Classification of Dis-
eases-10th edition codes. Prediabetes and diabetes were
identified based on self-reported medical history, use of
glucose-lowering treatments (diet, oral hypoglycaemic
agents, or insulin), or fasting/nonfasting blood glucose
of>7.0/11.1 mmol/L [37].

Neuropsychiatric conditions

Depression was diagnosed according to the Diagnostic
and Statistical Manual of Mental Disorders (DSM), 4th
or 5th editions criteria [38]. Dementia was diagnosed
according to the DSM 3rd revised criteria merging neu-
ropsychiatric examination and key informant interviews
and used only as an exclusion criterion in the current
study [39]. Medical history of multiple sclerosis, epilepsy,
brain cancer, and traumatic brain injury was based on
self-reported and close informant interviews on general
health.

Cognitive performance

Cognitive performance was assessed through a detailed
test battery encompassing the following: (1) Episodic
memory (Memory in Reality-free recall and 12-object
delayed recall and Thurstone’s picture memory), (2)
attention and perceptual speed (Figure Identification—
PSIF and Digit Span Forward), (3) executive function
(Digit Span Backward and Figure Logic), (4) verbal flu-
ency (Controlled Oral Word Association—FAS and
semantic fluency from “animals” task), (5) visuospatial
abilities (Koh’s block test) (37), (6) a composite score for
global cognitive performance generated by averaging the
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z-scores across the five domains, and (7) MMSE score.
Domain-specific tests available at follow-up were stand-
ardized into z-scores using the baseline mean and SD
[40] and grouped as described previously [37].

Blood biomarkers and apolipoprotein E genotype

Blood samples were collected from all participants and
analysed following the standard lab routines at the Sahl-
grenska University Hospital. Indicators of altered lipid
metabolism included high triglycerides (>1.7 mmol/L
or use of lipid-lowering medication [Anatomical Thera-
peutic Chemical code C10]), low high-density lipo-
protein (HDL) cholesterol (<1.03 mmol/L in men
and <1.29 mmol/L in women), and low-density lipopro-
tein (LDL) cholesterol, which was divided into tertiles
(T1<3, T2=3.1-3.9, T3>4 mmol/L). Markers of vascu-
lar and systemic inflammation were also assessed, includ-
ing elevated homocysteine (>13.5 pumol/L) and high
C-reactive protein (CRP,>8 mg/L) [41]. Finally, APOE
was genotyped, and participants were categorized into &4
allele carriers (one or both €4 alleles) or noncarriers. For
further details on blood and genotyping processing, we
refer to the original description of the H70 study cohort
[17].

CSF Alzheimer's disease biomarkers

Lumbar puncture was performed in a subset of 286 par-
ticipants. Biomarkers included and their pathological cut-
off values were as follows: S-amyloid 42 (A,,) <530 pg/
mlL, total tau (t-tau)>350 pg/mL, and phosphorylated
tau at threonine 181 (p-tau)>80 pg/mL. CSF sampling
procedure and biomarkers cut-offs have been previously
described in detail [17, 42].

Statistical analysis

Identification of the GM patterns through cross-sectional
clustering

We performed cross-sectional clustering using 41 brain
ROIs, including 34 cortical thickness measures and 7
subcortical volume measures. Prior to clustering, sub-
cortical ROIs were adjusted for TIV using a simple lin-
ear regression, with TIV as a fixed effect; residuals were
used as TIV-adjusted volumes. We then employed unsu-
pervised hierarchical cross-sectional clustering using the
random forest algorithm (R software, version 4.0.3, ran-
domForest package, version 4.7-1.1), followed by clas-
sical multidimensional scaling (MDS) of the proximity
matrix to obtain a low-dimensional representation — a
method previously used to identify atrophy subtypes in
AD, PD, and DLB [10, 11, 16, 43]. In our dataset, opti-
mal random forest parameters were as follows: ntree to
6000, mtry to 6, and nodesize to 3. Agglomerative hierar-
chical clustering with average linkage was applied to the
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data. Cluster stability was assessed using the out-of-bag
(OOB) proximity matrix derived from the random forest
model, which provides an unbiased estimate of intersub-
ject similarity without requiring explicit resampling [44].
The optimal number of clusters was determined based
on a composite score of the Dunn and Calinski—Hara-
basz indices across solutions from two to eight clusters.
Cluster validity was further evaluated through regional
boxplots, random forest variable importance, and 3D
visualization of the MDS coordinates [45]. For further
details on the clustering pipeline, see Poulakis et al. [43].
To identify the most discriminating ROIs between the
clusters of participants, we calculated Cohen’s d effect
sizes based on ROI values averaged across hemispheres
within each cluster, comparing Cluster 1 (used as the ref-
erence) with Clusters 2 to 5, using independent two-sam-
ple t-tests for each ROI with false discovery rate (FDR)
correction for multiple comparisons (p <0.05).

Characterization of the GM patterns

Sociodemographic and genetic variables, vascular risk
factors, medical conditions, and blood and neuroimaging
biomarkers were compared across clusters [1-5] using
the chi-square test for categorical variables, one-way
ANOVA for continuous variables normally distributed,
and the Kruskal-Wallis test for continuous variables
not normally distributed. To examine the associations
between cluster membership (outcome variable, with
Cluster 1 as reference) and a range of predictors, we
applied multinomial logistic regression (MLR) to esti-
mate odds ratios (ORs) and 95% confidence intervals
(CIs). We tested four separate MLR models: (1) clini-
cal model included sex (reference=men), educational
attainment (reference=primary/lower schooling), any
APOE-€4 carriership, former/current smoking, at-risk
alcohol consumption, physical inactivity, overweight/
obesity, increased triglycerides, increased LDL, reduced
HDL, hypertension, heart disease, stroke/TIA, predia-
betes and diabetes, depression, and TBI; (2) neuroimag-
ing model included mean FA, WMHY, PVScs, PVSbg,
CMBs (absent vs present), lacunes (absent vs present),
and large infarctions (absent vs present); (3) inflam-
mation model included altered homocysteine and CRP
levels; and (4) CSF model was run only on the subset of
participants with available CSF information and included
AP42, t-tau, and p-tau biomarkers. We selected these
four models based on the hypothesis that grey matter
patterns may reflect interactions among non-modifiable
and modifiable factors (clinical model), cerebrovascu-
lar and neurodegenerative disease (neuroimaging and
CSF model), with inflammation as a potential link. The
selection of risk factors followed the Lancet Commission
framework (2), complemented by comorbid conditions
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(e.g. cardiovascular, metabolic, depression, genetic pre-
disposition) with established relevance to brain health
[37, 46-50]. To assess the relationship between cluster
allocation and cognitive performance at baseline for the
746 participants, we conducted six separate generalized
linear models (GLMs) using composite scores for global
cognition and five cognitive domains as outcomes and
cluster allocation as the predictor. We checked for mul-
ticollinearity using the variable inflation factor (VIF); all
VIF values were < 1.7, supporting the inclusion of all vari-
ables. A two-sided p-value <0.05 indicated statistical sig-
nificance. All statistical analyses were performed with R
software version 4.0.3

Longitudinal follow-up

Overall, 436 (58.4%) completed both baseline and follow-
up assessments, while 298 (40%) were alive but did not
return (dropouts), and 12 (1.6%) died during the 5-year
follow-up (Additional file 1: Supplementary Table 7).
Longitudinal changes were evaluated in the 436 par-
ticipants who returned for follow-up across clusters in
7 GM outcomes, cerebrovascular lesions (WMHYV), 5
cognitive domains (attention/perceptual speed, execu-
tive functions, verbal fluency, visuospatial ability, global
cognition), and MMSE. For GM measures, we included
mean cortical thickness, AD-related and resilience cor-
tical signatures thickness, hippocampal volume, and the
three regions that most discriminated between clusters,
namely the superior frontal, superior parietal, and supra-
marginal cortices. Longitudinal trajectories were mod-
elled using heterogeneous linear mixed-effects models
(via the hlme function from the lcrmm R package). Each
model included fixed effects for timepoint, cluster group,
their interaction, years of education, and sex, along
with random intercepts and slopes for timepoint nested
within individuals. The cluster variable, treated as a five-
level categorical factor, was tested via its overall interac-
tion with time. FDR correction was applied to account
for multiple comparisons across cognitive and brain out-
come models.

Sensitivity analysis

We compared differences in sociodemographic, clinical,
biochemical, neuroimaging characteristics, and GM clus-
ters of participants and those who died and dropped out
during follow-up. Next, to ensure robustness of the longi-
tudinal models, we tested three random-effects specifica-
tions for each outcome: (1) random intercept plus slope,
(2) random intercept only, and (3) random slope only.
Model fit was compared using AIC and BIC, confirming
that including both intercept and slope provided the best
fit across brain and cognitive outcomes.
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Results

Identification of the GM patterns through cross-sectional
clustering

The optimal clustering solution identified five participant
clusters, as illustrated in Additional file 1: Supplementary
Fig. 1. Cluster 1 was the largest, comprising 278 partici-
pants (37.3%), followed by Cluster 4 (157 participants,
21.1%), Cluster 2 (142 participants, 19.0%), Cluster 3
(121 participants, 16.2%), and Cluster 5 (48 participants,
6.4%). The identified clusters differed significantly in both
GM thickness/volume (average values per hemisphere)
and regional distribution. Cluster 1 showed no or mini-
mal GM differences from the sample mean and was used
as the reference group in subsequent analyses (Additional
file 1: Supplementary Fig. 2). Figure 2 displays between-
cluster brain differences, presenting Cohen’s d effect sizes
(Clusters 2—5 vs. Cluster 1) that survived FDR correction
(p<0.05). The three most discriminative ROIs between
Clusters 2—5 and Cluster 1, with Cohen’s d values>|1.2],
were superior parietal, superior frontal, and supramar-
ginal regions (in that order). This threshold was selected
because effect size declined beyond |1.2| (Additional
file 1: Supplementary Fig. 3).

Compared to Cluster 1, Cluster 2 exhibited the most
diffuse and severe pattern of reduced cortical thickness
and volume (Cohen’s d< —1.2) across numerous ROlIs,
including frontal (rostral middle frontal, superior fron-
tal, caudal middle frontal, precentral, pars triangularis,
pars opercularis), parietal (postcentral, inferior parietal,
superior parietal, supramarginal, precuneus), and tem-
poral and occipital regions. Cluster 3 had thicker cortex
(Cohen’s d>1.2) in more posterior regions, particularly
across temporoparietal (middle temporal, inferior tem-
poral, inferior parietal, paracentral, precuneus, insula)
and occipital (cuneus, lingual, fusiform, lateral occipital)
areas. Cluster 4 had a more diffuse but less pronounced
pattern of thicker cortex (Cohen’s d >1.04). Finally, Clus-
ter 5 showed a mixed pattern, with thinner cortex in
frontoparietal (superior frontal, caudal middle frontal,
precentral, postcentral, supramarginal, inferior pari-
etal, paracentral) and occipital (lateral occipital) regions
(Cohen’s d< —1.2), alongside thicker cingulate, insular,
and orbitofrontal cortex (Cohen’s d>0.4). Additional
file 1: Supplementary Fig. 4 reports cortical thickness
(mm) and subcortical volume values (mm?), averaged
across hemispheres, for all ROIs for the five participants’
clusters.

Baseline participant characteristics

No significant differences across the identified clusters
were observed in baseline clinical characteristics and
APOE status. Regarding neuroimaging features, there
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Grey Matter Clusters Baseline Profiles by Cluster

n=142(19.0%) Cluster 2 vs 1
High-risk Profile
¢ Alcohol misuse
¢ Diabetes
e Lower fractional anisotropy
e Less brain lacunes
e Poor episodic memory

e Poor visuospatial abilities

n=121(16.2%) Cluster 3vs 1
Low-risk Profile
e Lower BMI
e Less WMH
Cognitively Resilient Profile

¢ Higher education
n=157(21.1%) Cluster 4 vs 1 « Lower smoking
o Lower triglycerides levels

e Lower depression

e Less WMH and brain lacunes

¢ Better global cognition

» Better episodic memory, verbal
fluency, visuospatial abilities

B=48:(0ia%0) Cluster S vs 1 Intermediate-risk Profile
e Alcohol misuse
el ¢ Heart disease
‘ili ¢ Lower homocystein levels
9.3 e Higher CSF total tau
:;?s e Large brain infarctions
129 o Less WMH
-1.5

Fig. 2 Grey matter clusters and associated brain ageing profiles. Left panel: Cortical maps (left) and subcortical maps (right) display GM differences
between each cluster of participants (Clusters 2-5) and Cluster 1 (reference), based on cortical thickness and subcortical volume. Values were
averaged across hemispheres. For visualization purposes, we show the left lateral and medial views of cortical regions and the left coronal view

of subcortical regions. Cold colours (blue/light blue) indicate greater cortical thickness or subcortical volume, while hot colours (red/yellow)
indicate lower ones. The colour bar indicates Cohen’s d effect sizes. The prevalence of each cluster is indicated as N and % (the reference Cluster

1 including n=278 participants, 37.3%). Right panel: Each cluster is characterized by a distinct brain ageing profile based on clinical, cognitive,
neuroimaging, and biomarker characteristics. Odds ratios (ORs), 3 coefficients for cognitive measures, and longitudinal results are reported

in the text. Abbreviations: BMI, body mass index; WMH, white matter hyperintensities; CSF, cerebrospinal fluid

were significant differences among clusters in FA and  differ between participants with CSF data (n=286) vs.
WMHYV (all p<0.001), as well as in the prevalence of large  those without (n=460) (Additional file 1: Supplementary
infarctions (p=0.043), as reported in Table 1. There were = Table 3).

no differences in CSF AD biomarkers (Additional file 1:

Supplementary Table 2). Baseline characteristics did not



Lorenzon et al. BMC Medicine (2026) 24:39 Page 8 of 16

Table 1 Baseline characteristics of participants from the Gothenburg H70 birth cohort 1944 by cluster

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 (N=48) Total (N=746) p*
(N=278) (N=142) (N=121) (N=157)

Sociodemographic and genetic factors

Age, years 70.8+0.3 709+04 708+04 708+0.3 708+0.3 708+0.3 0.561
Sex 0423

Men 131 (47.7) 79 (55.6) 54 (44.6) 68 (43.3) 21(43.8) 353 (47.3)

Women 147 (52.9) 63 (44.4) 67 (55.4) 89 (56.7) 27 (56.2) 393 (52.7)
Education 0423

Primary/lower 36 (12.9) 19(13.4) 9(74) 11(7.1) 7(14.6) 82(11.0)
secondary

Higher second- 137 (49.3) 75(52.8) 62(51.2) 74 (47 4) 20 (41.7) 368 (49.4)
ary

Higher educa- 105 (37.8) 48 (33.8) 50 (41.3) 71 (45.5) 21 (43.8) 295 (39.6)
tion
APOE status (any 85(31.2) 52 (36.9) 34(29.1) 52(34.2) 17 (35.4) 240 (32.9) 0.855
€4 carriers)
MMSE score 291+£12 289+13 292+£10 292+1.1 291+£14 291+£1.2 0.561
Cardiovascular risk factors

Current/former 179 (64.4) 96 (68.1) 71(59.2) 81(51.9) 29 (604) 456 (614) 0.153
smoker

At-risk alcohol 80 (28.8) 58 (40.8) 36 (30.0) 41 (26.3) 20(41.7) 235 (31.6) 0.120
consumption

Physical inactiv- 12 (4.5) 5(3.6) 2(1.7) 3(1.9) 3(64) 25(3.4) 0.509
ity

Overweight 152 (58.9) 85 (64.4) 54 (44.6) 84 (56.4) 25 (54.3) 400 (56.7) 0.120
(BMI=25 kg/m?)

Elevated triglyc- 108 (39.0) 66 (46.5) 42 (35.0) 42 (26.9) 15(31.2) 273 (36.7) 0.077
erides

Reduced 34(12.3) 16 (11.3) 11(9.2) 19(12.3) 6(12.5) 86 (11.6) 0919
HDL cholesterol
(mmol/L)
LDL cholesterol 0498
(mmol/L)

T1(<3) 92 (33.2) 56 (39.4) 46 (38.3) 46 (29.7) 15(31.2) 255 (34.4)

T2 (3.1-3.9) 98 (35.4) 49 (34.5) 34 (28.3) 61(39.4) 13 (27.1) 255 (34.4)
T3 (=4) 87 (314) 37(26.1) 40 (33.3) 48 (31.0) 20(41.7) 232 (31.3)

Hypertension 196 (70.5) 103 (72.5) 83 (68.6) 105 (67.3) 32 (66.7) 519 (69.7) 0919

(=140/90 mmHg)
Medical conditions

Heart disease 45(16.2) 21(14.8) 21(174) 31(19.9) 14 (29.2) 132(17.7) 0.393
Stroke/TIA 22(7.9) 13(9.2) 7(5.8) 11(7.0) 4(83) 57(7.6) 0.919
Diabetes 0.077
Normoglycemia 114 (41.0) 50(35.2) 55 (45.5) 75 (48.1) 19 (39.6) 313 (42.0)
Prediabetes 127 (45.7) 55(38.7) 55 (45.5) 64 (41.0) 22 (45.8) 323 (434)
Diabetes 37(133) 37(26.1) 11(9.1) 17 (10.9) 7(14.6) 109 (14.6)
Depression (major/ 28 (10.1) 12 (8.5) 10(8.3) 4(26) 5(104) 9(7.9) 0.244
minor)
Traumatic brain 85 (30.6) 50(35.2) 38(314) 55(35.0) 14(29.2) 242 (324) 0919
injuries

Blood biomarkers

Homocyst- 110 (40.3) 57 (404) 40 (339 54 (35.8) 10 (21.3) 271(37.1) 0.283
eine>13 umol/L
C-reactive pro- 18 (6.6) 15(10.7) 10 (8.5) 7(4.6) 6(12.5) 56 (7.7) 0.393

tein>8 mg/L
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Table 1 (continued)
Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 (N=48) Total (N=746) p*
(N=278) (N=142) (N=121) (N=157)
Neuroimaging biomarkers
DTlI's average FA <0.001
T1(<03) 90 (34.0) 71(53.0) 26 (22.8) 34(22.5) 16 (34.8) 237 (334)
T2 (0.3-04) 85(32.1) 37(27.6) 35(30.7) 61 (404) 19(413) 237 (334)
T3 (>04) 90 (34.0) 26 (194) 53 (46.5) 56 (37.1) 11239 236 (33.2)
WMHY, mm? <0.001
T1(<2.7) 78 (28.5) 33(24.1) 57 (47.5) 59 (38.6) 17 (354) 244 (33.3)
T2 (2.7-5.5) 103 (37.6) 35 (25.5) 35(29.2) 51(33.3) 21 (43.8) 245 (33.5)
T3 (>5.5) 93(33.9) 69 (504) 28(23.3) 43 (28.1) 10 (20.8) 243 (33.2)
Cerebral micro- 35(12.8) 19(13.5) 13(10.7) 13(8.3) 120 81(10.9) 0.279
bleeds
Lacunes 28 (10.1) 11(7.8) 6(5.0) 4(25) 3(6.2) 52(7.0) 0.118
(3-15 mm)
Large infarctions 3(1.1) 7 (5.0) 1(0.8) 1(0.6) 3(6.2) 15(2.0) 0.043
Enlarged PVS CS 0919
0-10 75(274) 34 (24.1) 33(27.3) 43 (274) 11 (229 196 (26.5)
> 11 199 (72.6) 107 (75.9) 88(72.7) 114 (72.6) 37(77.1) 545 (73.5)
Enlarged PVS BG 0.192
0-10 220(80.3) 99(70.2) 101 (83.5) 125 (79.6) 38(79.2) 583 (78.7)
> 11 54(19.7) 42 (29.8) 20 (16.5) 32(204) 10 (20.8) 158 (21.3)

Data are presented as mean + standard deviations for continuous variables or number (percentage) for categorical variables

APOE-¢4 apolipoprotein E gene-€4 allele, MMSE mini-mental state examination, BMI body mass index, HDL high-density lipoprotein, LDL low-density lipoprotein, T
tertile, TIA transient ischaemic attack, DT/ diffusion tensor imaging, FA fractional anisotropy, WMHV white matter hyperintensity volume, PVS perivascular spaces, CS

centrum semiovale, BG basal ganglia

Missing data: Education (n=1), APOE-g4 (n=16), MMSE (n=4), smoking (n=3), at-risk alcohol consumption (n=2), physical activity (n=15), BMI (n=2), elevated
triglycerides (n =3), reduced HDL cholesterol (n=4), LDL cholesterol (n=4), hypertension (n=1), heart disease (n= 1), prediabetes/diabetes (n=1), depression (n=2),
homocysteine (n=16), C-reactive protein (n=16), WMHV (n=3), cerebral microbleeds (n=6), lacunes (n=3), large infarctions (n=4), enlarged PVS centrum semiovale

(n=5), enlarged PVS basal ganglia (n=5)

Characterization of GM patterns through baseline

and longitudinal regression analyses

Using Cluster 1 as the reference, we estimated the odds
of participants belonging to Clusters 2-5 by apply-
ing the four previously described models (clinical,
neuroimaging, inflammation, CSF). Figure 2 shows
the defining features of each brain ageing profile, and
full model estimates (odds ratios and 95% confidence
intervals) are reported in Additional file 1: Supple-
mentary Table 4. Generalized linear models revealed
between-cluster differences in baseline cognitive per-
formance (Additional file 1: Supplementary Table 5),
while mixed-effects models were used to explore trajec-
tories in cognition and brain measures (Figs. 3 and 4;
Additional file 1: Supplementary Table 6). Based on the
identified GM patterns, their clinical and cognitive cor-
relates, and longitudinal changes, we defined four brain
ageing profiles.

Cluster 1: Reference group
Cluster 1 was used as the reference category across all
regression analyses. It comprised the largest proportion

of participants (37.3%) and showed no or minimal GM
differences from the sample mean.

Cluster 2: High-risk profile
As summarized in Fig. 2, compared to Cluster 1, par-
ticipants in Cluster 2 had significantly higher odds of
at-risk alcohol consumption (OR=1.83, 95% CI [1.13,
2.97]), diabetes (OR=2.54, 95% CI [1.27, 5.06]), lower
fractional anisotropy values (OR=0.46, 95% CI [0.26,
0.83]), and lower lacunes (OR=0.35, 95% CI [0.14,
0.84]). They also showed significantly poorer perfor-
mance in episodic memory (= —0.19, p=0.014) and
visuospatial abilities (5= —0.21, p=0.044) at baseline.
Longitudinally, Cluster 2 had a significant decline
in verbal fluency (By,p.=—0.23, p=0.040) (Fig. 3A)
and MMSE scores (ﬁslopez —0.45, p=0.035) (Fig. 3B),
along with a steeper increase in WMHV (B,,.=1.84,
p=0.004) (Fig. 4). There were no significant longitudi-
nal changes in GM measures.
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Fig. 3 Longitudinal changes in cognitive performance across clusters over 5 years. Trajectories (sex and education adjusted) represent changes

from baseline (v1) to follow-up (v2) for each cluster in A five cognitive domains: attention/speed, executive function, verbal fluency, visuospatial

abilities, global cognition, and B MMSE. p-values for the slopes are shown after FDR correction. Cognition on the Y-axis and time of assessment
on the X-axis

Cluster 3: Low-risk profile having moderate (OR=0.45, 95% CI [0.26, 0.77]) or
Participants in this group (Fig. 2) were significantly  high (OR=0.50, 95% CI [0.27, 0.92]) WMHYV. No signif-
less likely to be overweight or obese (OR=0.57, 95% icant longitudinal changes in this group were observed.
CI [0.35, 0.94]). They also showed lower odds of
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Fig.4 Longitudinal changes in white matter hyperintensities volume
(WMHV) across cluster over 5 years. Trajectories (sex and education
adjusted) represent changes in WMHYV from baseline (v1) to follow-up
(v2) for each cluster. Volume (mm?) on the Y-axis and time

of assessment on the X-axis

Cluster 4: Cognitively resilient profile

Participants in Cluster 4 (Fig. 2) were more likely to
have a higher educational level (OR=2.52, 95% CI [1.08,
5.87]) and less likely to be current or former smokers
(OR=0.62, 95% CI [0.40, 0.95]). They also had lower odds
of elevated triglyceride levels (OR=0.55, 95% CI [0.32,
0.95]) and were less likely to have a history of depression
(OR=0.17,95% CI [0.05, 0.56]). Individuals in this cluster
were also less likely to have greater WMHV (OR=0.51,
95% CI [0.31, 0.84]) and had a lower likelihood of exhib-
iting brain lacunes (OR=0.18, 95% CI [0.05, 0.61]). This
group performed significantly better than Cluster 1
across multiple cognition domains at baseline, including
global cognition (5=0.16, p=0.010), episodic memory
(5=0.16, p=0.040), verbal fluency (8=0.24, p=0.006),
and visuospatial abilities (8=0.22, p=0.026). No signifi-
cant longitudinal changes were observed in this cluster.
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Cluster 5: Intermediate-risk profile

Participants in Cluster 5 (Fig. 2) were significantly more
likely to have at-risk alcohol consumption (OR=2.09,
95% CI [1.05, 4.16]) and heart disease (OR=3.44, 95%
CI [1.48, 8.01]). They also showed a higher likelihood of
presenting large infarctions (OR=17.44, 95% CI [1.95,
156.15]) but a reduced odds of falling into the highest ter-
tile of WMHYV (OR=0.23, 95% CI [0.08, 0.66]). In addi-
tion, they had lower homocysteine levels (OR=0.40, 95%
CI [0.19, 0.84]) and increased odds of elevated total tau
levels (OR=3.35, 95% CI [1.22, 9.14]). No significant lon-
gitudinal changes in this group were observed.

Sensitivity analysis
Additional file 1: Supplementary Table 7 shows the differ-
ence in baseline characteristics of participants and those
who died or dropped out during follow-up. Participants
had higher education, lower smoking prevalence, and
marginally better cardiometabolic and cerebrovascular
profiles than those who dropped out or died. Other clini-
cal and neuroimaging features did not differ significantly,
although participants were more physically active and
had a more favourable cardiometabolic profile compared
to those who died, but not markedly different from drop-
outs. Clusters 3 and 4, with more preserved GM, showed
lower dropout (Additional file 1: Supplementary Table 7).
For the linear mixed-effect models, we compared three
random-effects specifications for each outcome: (1) ran-
dom intercept plus slope, (2) random intercept only,
and (3) random slope only. Full models including both
random intercept and slope consistently had the lowest
or tied AIC/BIC values. Intercept-only models fit worse,
while slope-only models sometimes matched the full
model, indicating that within-subject changes over time
accounted for most variability. These findings confirm
that our results are robust to alternative random-effects
specifications.

Discussion

In this longitudinal, population-based study, we assessed
a cohort of cognitively healthy 70-year-old individuals
using a data-driven MRI approach to identify specific
cortical and subcortical GM patterns, their clinical cor-
relates, and their evolution over a 5-year follow-up. We
identified five clusters of participants based on distinct
GM profiles, primarily differentiated by variations in the
superior frontal, superior parietal, and supramarginal
gyri. Compared to Cluster 1 (reference), Cluster 2 exhib-
ited diffusely lower frontoparietal cortical GM and was
associated with higher odds of diabetes, at-risk alcohol
consumption, disrupted white matter integrity, cerebro-
vascular lesions, and poorer episodic memory and visu-
ospatial performance. Clusters 3 and 4 showed higher
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GM values in several brain regions and were associated
with a healthier cardiometabolic profile, lower depres-
sion rates, higher educational attainment, and reduced
brain small vessel disease. Cluster 4 also had superior
cognitive performance across multiple domains. Cluster
5, the smallest group, had a mixed GM and cerebrovas-
cular pattern and was characterized by higher odds of
at-risk alcohol consumption, heart disease, and elevated
CSF tau but lower inflammation levels. Longitudinally,
GM measures did not differ significantly across clusters,
but Cluster 2 showed greater WMHYV increase as well as
steeper decline in MMSE and verbal fluency over time.
No differences were observed in APOE status or CSF AD
biomarkers across clusters.

Previous MRI studies have shown that normal brain
ageing is associated with widespread reductions in corti-
cal thickness and volumes, particularly in the prefrontal
and parietal regions [3, 51, 52]. Advanced brain ageing,
defined as a significant deviation from typical age-related
trajectories, has been linked to more pronounced GM
loss in these same areas [6]. Preferential involvement
of the superior frontal [51] and supramarginal gyri [52]
has also been reported, which emerged as key discrimi-
native regions in our study. These frontoparietal regions
play a critical role in higher-order cognitive functions
[53], and their degeneration may impair cognition [3].
This relationship was evident in Cluster 2, which showed
less frontoparietal GM and lower cognitive performance,
whereas Cluster 4 was characterized by preserved fron-
toparietal structures and better cognition. Our longi-
tudinal data revealed no significant differences in GM
changes between clusters over time, consistent with
previous studies showing similar trajectories among
cognitively healthy individuals, even across groups with
different risk profiles [13]. Few structural imaging studies
have applied GM clustering approaches in large cohorts
of cognitively healthy adults. Recently, Skampardoni et al.
[13] used advanced deep learning methods to identify a
resilient brain ageing group characterized by preserved
brain volumes, lowest cardiovascular risk factors, and
highest baseline cognition, closely resembling Clusters 3
and 4 in our study. They also described a vascular age-
ing profile, which mirrors our Cluster 2, marked by
lower peri-Sylvian, orbitofrontal, and prefrontal thick-
ness; higher cardiovascular risk factors, increasing WMH
burden; and poorer cognition. Similarly, in our previous
work [16], frontoparietal GM profiles and trajectories
were also linked to cerebrovascular burden, as measured
with white matter signal abnormalities (WMSA, con-
sisting of hypointensities), and cognitive decline [16].
Capogna and colleagues [15] applied clustering methods
based on changes in cortical thickness, surface area, and
subcortical volume. Subtypes based on cortical thickness
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and area were associated with bilateral decline in tempo-
ral and inferior parietal regions, rather than frontal areas.
Further, lower FA seen in Cluster 2 might capture early
white matter microstructural changes possibly preceding
GM changes, providing additional information on neuro-
biological alterations underlying this cluster [54, 55].

Cognitive outcomes were linked to cortical area
changes, while AD biomarkers were associated with sub-
cortical volume. Discrepancies with our findings may
reflect cohort differences, interindividual variability, and
variation in cognitive and imaging metrics across merged
datasets.

The clinical characterization of participants across
GM-based clusters highlighted the relevance of levels of
vascular and psychosocial factors in shaping brain health
[56, 57]. Cluster 2, marked by lower GM, was associated
with diabetes and at-risk alcohol consumption and Clus-
ter 5 with increased cardiovascular risk. Diabetes has
been linked to reduced cortical thickness across multiple
lobes, independent of socioeconomic factors and comor-
bidities, with higher HbA1lc driving this effect [58]. It has
also been associated with dementia and cognitive decline,
possibly through neurodegenerative mechanisms unre-
lated to small vessel disease or AD biomarkers [59], and
with microstructural white matter alterations [60], con-
sistent with the reduced fractional anisotropy observed
in Cluster 2. Similarly, the favourable cerebrovascular and
inflammatory profile (lower WMH and homocysteine, in
line with previous findings linking systemic inflamma-
tion and cerebrovascular lesions [41, 61]) and anterior
cingulate preservation in Cluster 5 might have counter-
acted the effects of reduced GM and risk factors, per-
haps safeguarding cognition through brain maintenance
(i.e. the preservation of cognitive function and neural
resources) and/or cognitive reserve (i.e. the brain’s ability
to maintain cognitive function despite aging or pathol-
ogy) [62, 63]. Similarly, at-risk alcohol consumption and
higher cardiovascular risk have both been associated
with reduced cortical thickness and poorer cognitive per-
formance [64, 65]. In contrast, Clusters 3 and 4 showed
preserved GM patterns, favourable metabolic and life-
style profiles, and fewer radiological signs of brain small
vessel disease, a known contributor to cortical atrophy
and cognitive decline [66]. Cluster 3 was associated with
lower body mass index, aligning with evidence indicat-
ing that BMI stability supports brain health [67]. Cluster
4 showed lower prevalence of smoking and higher edu-
cational attainment. Smoking has been associated with
dose-dependent cortical thinning [68], while higher edu-
cation with increased mean cortical thickness across the
cortex, independent of vascular risk factors [69]. Finally,
in the analysis of AD CSF biomarkers conducted in a sub-
sample of our population, we found a high prevalence of
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Ap positivity, but no significant differences across sub-
groups with distinct GM patterns. These findings pos-
sibly indicate that amyloid pathology may not be the
primary driver of structural brain alterations in healthy
older adults, in line with previous studies suggesting that
tau pathology is more strongly associated with both cor-
tical thinning and cognitive decline [70].

Our study presents several strengths. First, the use of
an unsupervised, data-driven clustering approach in a
general population sample allowed the identification of
previously unrecognized GM patterns, revealing sub-
stantial brain heterogeneity in cognitively healthy older
adults. Second, the strict age homogeneity of the sam-
ple minimized confounding effects of age. Third, the
study leverages a large, longitudinal, well-characterized
population-based cohort with extensive clinical, lifestyle,
and imaging data. Limitations include the possibility of
residual confounding and reduced generalizability due to
the age-specific sample. Moreover, the high prevalence
of AP positivity (46.5%) in the CSF subset — and the
unknown status for most participants — may affect the
generalizability of our clusters, particularly to younger or
lower-amyloid populations; replication in such cohorts is
warranted. A ceiling effect may have limited the inclusion
of individuals with more severe findings, who were likely
classified as cognitively impaired and thus excluded.
Follow-up data were available only for a subset of par-
ticipants, likely representing a healthier segment of the
cohort. This survival bias may explain why some cross-
sectional cognitive differences did not persist longitu-
dinally. The relatively short follow-up as well as scanner
update may have further constrained the detection of
longitudinal effects. Finally, the absence of associations
between APOE €4 and clusters may reflect the cognitively
healthy nature of our sample, its lower prevalence, and
the more prominent influence of other factors such as
cardiovascular and metabolic conditions.

Conclusions

In conclusion, using a data-driven MRI clustering
approach in a population-based cohort, we identified five
subgroups with distinct cortical and subcortical GM pat-
terns, each associated with specific clinical and cognitive
profiles. Vascular and psychosocial factors, such as diabe-
tes, cardiovascular diseases, at-risk alcohol consumption,
obesity, smoking, and education, emerged as key deter-
minants of GM integrity, influencing both cognitive per-
formance and its longitudinal trajectory. Further research
is needed to clarify the underlying biological mechanisms
and to determine whether targeting these modifiable risk
factors can effectively preserve brain structure and func-
tion through late life.
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