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Vulnerability to memory decline in aging
revealed by a mega-analysis of structural
brain change

A list of authors and their affiliations appears at the end of the paper

Brain atrophy is a key factor behind episodic memory loss in aging, but the
nature and ubiquity of this relationship remains poorly understood. This study
leverages 13 longitudinal datasets, including 3737 cognitively healthy adults
(10,343 MRI scans; 13,460 memory assessments), to determine whether brain
change-memory change associations are more pronounced with age and
genetic risk for Alzheimer’s Disease. Both factors are associated with acceler-
ated brain decline, yet it remains unclear whether memory loss is exacerbated
beyond what atrophy alone would predict. Additionally, we assess whether
memory decline aligns with a global pattern of atrophy or stems from distinct
regional contributions. Our mega-analysis reveals a nonlinear relationship
between memory decline and brain atrophy, primarily affecting individuals
with above-average brain structural decline. The associations are stronger in
the hippocampus but also spread across diverse cortical and subcortical
regions. The associations strengthenwith age, reachingmoderate associations
in participants in their eighties. While APOE ε4 carriers exhibit steeper brain
and memory loss, genetic risk has no effect on the change-change associa-
tions. These findings support the presence of common biological macro-
structural substrates underlying memory function in older age which are
vulnerable to multiple age-related factors, even in the absence of overt
pathological changes.

Episodic memory declines with age1,2, although individual trajec-
tories vary significantly, with some experiencing marked cognitive
decline and others maintaining relatively stable memory function
over time3. Brain atrophy is considered a key contributor to these
changes4,5. However, key questions remain poorly understood such
as whether the change – change associations are dependent on age
and genetic risk for Alzheimer’s disease (AD) or if the patterns are
driven exclusively by a subset of individuals with severe atrophy.
Further, extant research remains inconclusive on whether the effects
reflect global patterns of brain atrophy6,7 or regional structural vul-
nerabilities, particularly in the hippocampus8,9. To examine these
questions, we leveraged 13 datasets with more than 3700 cognitively
healthy adult participants who underwent repeated MRI scans and

cognitive assessments, together with simulations to guide results
interpretation.

Both episodic memory and medial temporal lobe (MTL) struc-
tures tend to show relative stability across early adulthood andmiddle
age in longitudinal studies, with amoremarked decline from about 60
years1,2,10–12. In contrast, trajectories of cortical thickness outside the
MTL tend to follow largelymonotonicdeclines across adulthood, likely
with subtle acceleration in thinning late in life10,13–15, with a relatively
large degree of heterogeneity for the remaining subcortical
structures11,16,17. Aging is also associated with increased interindividual
variability in cognition and biological measures, including memory
performance and brain structure16,18 and, even more importantly, the
variability of brain and memory change also increases with age19–21.
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Initial evidence for a relationship between memory function and
brain structure in cognitively healthy aging came from cross-sectional
research22,23, which indicated that differences in brain structure, par-
ticularly in the MTL, explained a modest amount of age-related varia-
bility in episodic memory function. Yet, it is now widely recognized
that only longitudinal designs can effectively link co-occurring within-
person changes in brain and cognition throughout the lifespan24.
Indeed, longitudinal research has corroborated the association
between memory decline and loss of gray matter in medial temporal
features such as hippocampal atrophy25–29 and entorhinal thinning8,30.
The findings align with the key role of these structures in episodic
memory and their susceptibility to aging and AD31–33. Outside this
region, associations have alsobeen reported, albeit less consistently, in
the frontal, parietal, and temporal lobes34,35, as well as in global gray
matter6,27. These results are consistent with the complex cortico-
subcortical circuitry supporting episodic memory function33,36–38.
Debate remains on whether these change-change associations are
driven by a main factor of brain decline or by one or more of these
memory-sensitive structures6,26,29,34,39. Current research shows evi-
dence of both domain-general dimensions of cortical and cognitive
change6,40 and domain-specific associations between MTL and episo-
dic memory change39.

Since age affects both individual trajectories of brain structure
andmemory, and their variability across individuals, it is likely that age
also moderates their relationship, such that the associations
strengthen with increasing age. However, limited data exist on this
topic, and when available, this data primarily concerns the hippo-
campus. Cross-sectional evidence suggests stronger associations
between hippocampus volume and memory performance in late
life41,42. Using longitudinal data, Gorbach and colleagues25 found an
association between hippocampal atrophy and memory decline that
was significant in older (65 – 80 years) but not in middle-aged (55 – 60
years) individuals, and further suggested that steeper declines in
memory and hippocampal volume facilitate the detection of these
associations.

The Apolipoprotein (APOE) ε4 allele represents the strongest
known genetic risk factor for late-onset AD. In individuals with AD, ε4
carriers exhibit steeper brain atrophy, especially in limbic regions, and
greater memory loss compared to non-carriers43,44. This pattern has
also been observed in cognitively healthy older individuals45,46,
although not universally47. Some theoretical models propose distinct
AD subtypes based on the APOE ε4 allele48. In this account, the ε4
carrier subtype represents amore severe, limbic-dominant formof AD,
characterized by steeper loss ofmemory and stronger links to amyloid
pathophysiology. The non-carrier subtype is thought to represent a
milder form, more heterogeneous, and more associated with envir-
onmental factors49. This model also predicts stronger associations
between memory change and atrophy, particularly in the MTL, in ε4
carriers. Supporting this, some studies report a stronger brain-
memory association amongst APOE ε4 carriers, in AD samples50 and,
crucially, in a longitudinal sample of cognitively healthy older adults9.

Not all observed changes in brain structure in older individuals
reflect long-term changes, i.e., brain aging, but also short-term varia-
tions due to known, e.g., physical or cognitive training programs51,52,
and unknown factors, i.e., noise20. Hence, only a fraction of the
observed changes occurring in brain structure over timemay relate to
memory decline. Thus, it is possible that most variation in brain
structure over time is not degenerative, and that only individuals with
severe atrophy show memory loss, leading to non-linear
change–change associations.

Given the inherent heterogeneity in brain and cognitive trajec-
tories, study samples, and analytical approaches – along with partially
conflicting findings and the need to sample diverse populations for
broad conclusions -, large-scale mega-analyses across cohorts are
essential to accurately investigate change-change relationships

between episodic memory and structural brain decline5. Here, we
conduct such a study to address key questions in the field: 1) Do brain
change-memory change associations become more pronounced with
increasing age? 2) Are these relationships consistent with a global
factor of brain structural decline, MTL vulnerability, or multiple
regional contributions? 3) Are change-change associations more pro-
nounced in individuals with above-average brain decline and/or car-
riers of the APOE ε4 allele? We used a normative modeling framework
to harmonize 13 datasets with longitudinal MRI scans and cognitive
assessments, resulting in a final sample of 3737 cognitively healthy
adults (10,343 MRI scans; 13,460 memory assessments) (Table 1, Sup-
plementary Fig. 1). We estimated individual change in memory
(Δmemory) and 166 brain cortical and subcortical regions (Δbrain),
with a particular focus on the hippocampus. We focused on thickness
as ameasureof cortical changegiven its susceptibility to age53,54, used a
mega-analytical approach to maximize statistical power55, and general
additivemixedmodels (GAMMs) to enablegreater analyticalflexibility.
Throughout the text, we refer to individuals with above- or below-
average brain decline – relative to their age and sex peers – as brain
decliners and maintainers. These labels do not reflect strict metho-
dological criteria but are used solely for communicative clarity, as our
analyses employ a dimensional approach throughout. Finally, we
provide complete statistics, point estimates, and visualizations in a
Supporting App (https://vidalpineiro.shinyapps.io/brain_mem_
change/) and simulate data to aid the interpretation of results.

Results
Linking brain change and memory decline: main effects
We used GAMMs to assess the relationship between brain change
(Δbrain) (cortical thickness and subcortical volume) and memory
change (Δmemory) in 3737 adults. Δbrain was modeled as a smooth
term, and the dataset as a random intercept. Sex and age trends were
regressed out during normative modeling-based preprocessing and
thus not included in the higher-level model. Henceforth, the change in
the brain andmemory for a given individual is relative to their age and
sex peers. Control analyses with age, sex, or intracranial volume (ICV)
as covariates, or with random slopes per dataset, did not substantially
affect the outcome of the main results (Supporting App). Data were
weighted to account for differences in reliability of change, as long-
itudinal data with fewer observations and shorter follow-up time
contain more uncertainty20. Regions were defined based on the
Destrieux56 cortical and aseg57 subcortical atlas within FreeSurfer.
Nineteen regions showed significant, False Discovery Rate (FDR) cor-
rected (pFDR<0.05) (Fig. 1a), mostly subcortical structures and tem-
poral regions. The relationship for all these regions was non-linear,
generally showing an association between Δbrain and Δmemory only
when Δbrain was steeper than average (henceforth in brain decliners).
When brain decline was milder than average (henceforth in brain
maintainers), the association between Δbrain and Δmemory dis-
appeared. Left and right hippocampus (βweighted[w][l] = .165, effective
degrees of freedom (edf) = 3.2, pFDR<0.001, partial-[p]R2 = 1.9%);
βw[r] = 0.168, edf = 3.3, pFDR < 0.001, pR2 = 1.6%), left amygdala
(βw =0.155, edf = 4.5, pFDR<0.001, pR2 = 1.1%), left thalamus (βw =0.135,
edf = 3.7, pFDR = 0.03, pR2 = 0.8%), right long insular gyrus (βw =0.135,
edf = 2.8, pFDR=0.02, pR2 =0.8%) and left parahippocampal gyrus
(βw =0.131, pFDR=0.02, edf= 4.4, pR2 =0.8%) were amongst the regions
showing strongest change – change associations in above-average
brain decliners. See Fig. 1b for visualization of selected regions. See
Supplementary Table 1 for statistics in significant regions. See
Supporting App for complete statistics and visualization in all regions.
No strong evidence for left–right asymmetry in change–change asso-
ciations was found (Supplementary Fig. 2; SI). Education level did not
significantly contribute either as a resilience factor, i.e., influencing the
effect of education on brain and memory decline, or as a cognitive
reserve factor, i.e., moderating the association between brain and
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memory, consistent with recent longitudinal studies on brain and
memory decline58,59 (SI).

Age as a moderator of brain change - memory change
associations
Next, we assessed whether the association between brain change and
memory change varied with increasing age using tensor smooths (i.e.,
interactions between marginal smooth terms) as implemented in
GAMM. For 7 regions, age significantlymoderated the change - change
associations (pFDR < .05) (Fig. 2a) namely left (pFDR=0.02, edf = 3.3,

pR2 = 1.0%) and right hippocampus (pFDR=0.02, edf = 4.2, pR2 = 1.0%),
right inferior lateral ventricle (pFDR < 0.001, edf = 7.9, pR2 = 1.5%), left
lateral ventricle (pFDR = 0.05, edf = 1.9, pR2 =0.8%), right caudate
(pFDR =0.03, edf = 2.9, pR2 = 0.6%), right putamen (pFDR =0.03, edf = 2.2,

pR2 = 0.7%), and left short insular gyrus (pFDR=0.02, edf = 2.8,

pR2 = 0.7%). Combining the variance explained by the brain change and
the brain change × age interaction regressors for the left hippocampus
explained up to 2.9% of the variance in memory change. In most of
these regions, we found that change–change associations increased
with higher age and progressively included brain maintainers. Change
– change associations in some regions begin to be apparent between
50 and 60 years. These regions differ in the specific shape of the
interaction. For example, change – change associations in brain
decliners are first apparent at ≈50 years in the right hippocampus, ≈60
years for the left hippocampus and the right lateral inferior ventricle,

and ≈70 years for the short insular gyrus and the right caudate. Simi-
larly, associations between Δbrain and Δmemory in brain maintainers
are apparent from ≈70 years in the left hippocampus and the right
lateral inferior ventricle, but not in other regions such as the short
insular gyrus or the right hippocampus. We use the left hippocampus
to illustrate these effects: the relationship between Δbrain and
Δmemory in brain decliners (i.e., point estimates) is βw = −0.04 at age
40 years, βw = .02 at 50 years, βw =0.13 at 60 years, βw =0.23 at 70
years, and βw =0.29 at 80 years. In contrast, the relationship between
Δbrain and–Δmemory inbrainmaintainers is non-existent until age 70
(βw = .13), with a small increase at age 80 (βw = .19). See Fig. 2b for
visualization of selected regions. See Supplementary Table 2 for sta-
tistics in significant regions and complete statistical outcomes in the
Supporting App.

Dimensionality of brain change
Next, we explored the dimensionality of those regional brain changes
associated with memory decline. Is memory loss associated with a
single global effect of brain decline, or does it reflect region-specific
contributions? We computed the correlation of brain change across
brain regions (Fig. 3a, mean r =0.14 [0.10]; range = −0.04 −0.58) and
carried out a PCA and a consensus clustering analysis to investigate
this question. On the one hand, the PCA revealed that thefirst principal
component (PC1) accounted for a somewhatmodest 20.7% of the total
variance, with all its loadings pointing in the same direction, and a

Table 1 | Main Sample sociodemographics

Dataset Subjects Apoe ε4 Age Obs. Memory Obs. Brain Time Brain Time Memory

N (m) NC:C M (SD) range N M (SD) range N M (SD) range M (SD) range M (SD) range

adni 223 (92) 158:65 72.4 (6.3) 1118 5.0 (2.7) 984 4.4 (2.2) 3.9 (2.1) 4.6 (2.8)

55.8–89.9 2–13 2–12 1.6–9.6 2.0–13.5

aibl 142 (70) 94:78 71.5 (6.4) 564 4.0 (1.1) 493 3.5 (1.1) 4.2 (1.6) 4.9 (1.6)

60.0–87.0 2–5 2–5 2.0–8.0 2.0–7.0

base-ii 214 (127) 133:39 64.8 (15.0) 572 2.7 (0.5) 428 2.0 (0) 2.3 (0.4) 4.5 (1.5)

24.5–83.1 2–3 2–2 1.5–3.1 1.6–6.4

bbhi 256 (141) 30:3 54.0 (7.2) 512 2.0 (0) 512 2.0 (0) 2.4 (0.2) 2.4 (0.2)

41.2–66.1 2–2 2–2 1.6–3.0 1.6–3.0

betula 47 (27) 26:15 43.8 (12.8) 94 2.0 (0) 94 2.0 (0) 4.3 (0.4) 4.3 (0.4)

25.0–75.0 2–2 2–2 4.0–5.0 4.0–5.0

cognorm 93 (42) 54:38 73.2 (6.0) 596 6.4 (1.0) 366 3.9 (1.3) 6.0 (2.6) 5.8 (0.9)

64.7–90.0 3–7 2–6 1.8–9.5 2.1–6.9

habs 223 (94) 157:63 73.3 (6.1) 1180 5.3 (1.0) 615 2.8 (0.6) 4.4 (1.2) 4.5 (1.1)

62.5–89.3 3–6 2–4 2.0–8.5 2.0–8.5

lcbc 304 (120) 100:72 47.9 (19.1) 781 2.6 (0.7) 799 2.6 (0.8) 6.2 (2.8) 6.0 (2.7)

20.0–85.5 2–4 2–7 2.4–11.5 2.4–11.5

oasis3 431 (171) 287:137 67.2 (8.9) 3502 8.1 (4.0) 1458 3.4 (1.5) 6.4 (3.4) 9.9 (4.2)

43.5–95.6 2–23 2–8 1.5–15.8 2.0–24.0

preventad 184 (53) 115:69 63.6 (5.0) 874 4.8 (1.0) 1061 5.8 (1.0) 3.3 (0.8) 3.2 (0.8)

55.1–83.3 3–6 4–7 1.9–4.7 1.6–4.5

Ub 77 (28) 67:10 68.6 (5.0) 214 2.8 (0.4) 208 2.7 (0.5) 3.5 (1.0) 3.7 (1.0)

51.7–78.1 2–3 2–3 1.6–5.0 1.6–5.2

Ukb 1066 (525) 775:272 62.3 (7.0) 2132 2.0 (0) 2132 2.0 (0) 2.3 (0.1) 2.3 (0.1)

47.0–79.5 2–2 2–2 2.0–2.7 2.0–2.7

vetsa 477 (477) 354:122 58.0 (3.9) 1321 2.8 (0.4) 1193 2.5 (0.5) 9.3 (2.7) 10.0 (2.4)

51.1–70.1 2–3 2–3 4.5–13.4 4.5–14.4

All 3737 (1967) 2350:953 62.5 (11.6) 13460 3.6 (2.6) 10343 2.8 (1.3) 4.5 (3.0) 5.1 (3.6)

20.1–95.6 2–23 2–12 1.5–15.8 1.6–24.0

Main sociodemographic and observational detail of the main sample used in all main analyses. N Total number of individuals or observations, NC Non-carriers, C Carriers. Mmean, SD Standard
Deviation, ObsObservations.
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significant, ≈two-fold, fall in the variance explained by subsequent
components (Fig. 3b). This suggests a pattern of brain change that to
some degree aligns with the presence of a global pattern of brain
decline.

On the other hand, consensus clustering analysis was performed
to explore whether the effects were regional. Importantly, we tested
using Monte-Carlo simulations whether the clustering solution rejec-
ted the null hypothesis of K = 1 cluster. Several clustering solutions
rejected the null hypothesis, with 8 clusters being the best solution
(Fig. 3c; Supplementary Fig. 3, Supplementary Table 3). Three clusters
were subcortical (clusters #1 - #3) - one comprised of the left and right
hippocampus and the left lateral ventricle - and 5 were cortical. Fur-
ther, we assessed whether change in any of these clusters was asso-
ciated with memory change, by respectively controlling for the
hippocampus-based cluster, the main factor of brain decline, and by
introducing all clusters together in a single model. Five clusters
showed significant Δbrain – Δmemory associations controlling for the
hippocampal-based cluster (cluster #1): cluster #3, the left and right
amygdala (βw = .11, edf = 1.2, p = 0.01); cluster #5, left pericallosal sul-
cus, right straight gyrus, and right subcallosal gyrus (βw = .16, edf = 3.1,
p =0.002), cluster #6, right long insular gyrus and planum polare

(βw = .06, edf = 1.0, p =0.012); cluster #7, right transverse temporal
sulcus (βw = .05, edf = 3.0, p = 0.024); and cluster #8, left para-
hippocampal gyrus (βw = .05, edf = 4.4, p = .0301). Similar results were
found when using the main component of brain decline and when all
clusters were added in a single model. The regional model, including
brain change in the eight regional clusters, explained 1.3% more var-
iance in memory decline than the model including only the global
pattern of brain decline (partial-R2 = 3.1% and 1.9%, respectively). See SI
and Supplementary Table 4 for detailed information. Altogether, the
results suggest both global and regional factors influence the asso-
ciations between brain and memory change.

Influence of APOE ε4 status on brain change - memory change
associations
A total of 3149 subjects had APOE data available. Of these, 27.8 % were
carriers of the APOE ε4 allele (carriers vs. non-carriers). First, we
assessed whether carriers of the APOE ε4 allele showed a steeper
decline in brain or memory and whether this relationship was asso-
ciatedwith age. For themain effects, we used linearmixedmodelswith
APOE ε4 allele as predictor and dataset as random intercept. For the
interaction, we used GAMM with age as a smooth term by APOE ε4
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allele as an ordered factor. APOE ε4 was not significantly related to
memory decline (β[CI]= −0.035[−0.10, 0.02], t(df) = −0.95(3296),
p =0.34) (Fig. 4a) but the relationship between APOE status and
memory change increased with age (βw = -0.008, edf = 1, p = 0.03), that
is, APOE ε4 carriers showed lessmemory decline until≈60years of age,
and more memory decline thereafter (Fig. 4b).

APOE ε4 was associated with steeper left and right hippocampal
atrophy (βl[CI] = −0.135[−0.20,−0.07], t(df) = −4.2(3228.1),
pFDR = 0.004; βr[CI]= −0.138[−0.20,−0.07], t(df) = −4.1(3261.1),
pFDR=0.003) as well as right amygdala atrophy (β[CI]=
−0.154[−0.22,−0.09], t(df) = −4.7(3249), pFDR < 0.001) (Fig. 5a). Con-
sidering all regions together, no global effect of the APOE ε4 allele on
brain decline was found (β[CI] = -0.004[−0.01, 0.00], t(df) = −1.30(165),
p =0.20) (Fig. 5b). APOE ε4 was not significantly associated with
steeper brain decline (pFDR> .10) with higher age. However, at an
uncorrected level, APOE ε4 was associated with a higher degree of
hippocampal atrophy with increasing age (βwl= −0.011, edf = 1,

punc =0.01; βwr = −0.009, edf = 1, punc = 0.04, respectively) (Supple-
mentary Fig. 4).

Next, we assessed whether being an APOE ε4 carrier had any
influence on the association between Δbrain and Δmemory. No region
showed moderating effects of APOE ε4 on Δbrain – Δmemory asso-
ciations (pFDR > .50). APOE ε4 did not significantly moderate the rela-
tionship between Δbrain and Δmemory in the left and right
hippocampus (βwl = −0.011, edf = 1, punc =0.44; βwr = −0.001, edf = 1,
punc =0.61) (Fig. 6a). Finally, no regions showed a significant interac-
tion between APOE ε4, age, and Δbrain on Δmemory (pFDR> .15). Left
and right hippocampus showed comparable Δbrain - Δmemory asso-
ciations with age regardless of APOE ε4 status (βwl = .044, edf = 1,
punc =0.48; βwr= −0.028, edf = 1, punc =0.66) (Fig. 6b).

We conducted two sensitivity analyses: I) In a subsample restric-
ted to APOE ε4 non-carriers, where both the change–change effects
and the moderator effects of age were comparable to those observed
in the main sample (SI). 2) We reran the APOE ε4 analyses in a sub-
sample of individuals aged 60 years or more at baseline (n = 2048). As
expected, the effect of APOE ε4 status was greater onmemory decline
and found in a more brain regions. However, due to the restricted age
range, APOE ε4 × age interactions were not significant. Consistent with
the main analyses, APOE ε4 status did not moderate the relationship
between brain change andmemory change nor its interaction with age
(pFDR > .15) (SI; Supplementary Fig. 5). See complete statistics and
additional visualization for all APOE ε4 analyses in the Supporting App.
Altogether, the results show that cognitively healthy carriers of the
APOE ε4 allele have steeper rates of brain and memory decline, spe-
cifically in old adulthood, but no evidence of stronger Δbrain –

Δmemory associations. The regional associations between brain
change and memory change exist independently of an increased pre-
sence of pathological processes and cognitive changes associatedwith
the genetic risk of AD.

Exploring mechanisms behind brain–cognitive relationships: A
Post-hoc simulation study
Finally, we aimed to provide potential explanations for the empirical
findings, focusing on the non-linear change–change associations, the
moderating effect of age, and the absence of APOE ε4 effects. We used
a simplified schematic model using the sn v.2.1.1 package60, where
observed brain data was the result of two underlying sources. The first
source represented brain aging, characterized by a negatively skewed
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distribution with mean decline indicative of long-term, degenerative
changes. This component is universal, as most individuals exhibited
some degree of decline, with negative skewness arising from a subset
of individuals undergoing acceleratedbrain aging16,20,22,32,61. The second
source was modeled as a Gaussian distribution centered around zero,
representingmeasurement error andother short-term influences20,51,52.
Memory decline was modeled as linearly related to the brain aging
component, plus random Gaussian noise. To explore the moderating
effects (or lack thereof) of age and APOE ε4, we adjusted the para-
metersof thebrain aging component, includingmean, dispersion (e.g.,
variability), and skewness.

The simulation results revealed that observed brain decline was
non-linearly associated with memory decline, with the relationship

flattening among brain maintainers (Fig. 7a) mimicking the empirical
change–change associations. Increasing the varianceof the brain aging
component strengthened the change–change associations and affec-
ted brain maintainers, replicating the moderating effect of age
(Fig. 7c). Conversely, increasing mean decline and skewness did not
alter the change–change associations despite leading to steeper mean
decline in both observed brain and memory measures (Fig. 7b, d). See
details in SI.

Discussion
Bymega-analyzing data from over 3700 cognitively healthy adults and
13 independent longitudinal studies, we found that changes in brain
structure are associated with changes in episodic memory across
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several cortical and subcortical areas, with the strongest associations
in the MTL. These associations became more pronounced with
increasing age, while no evidence was found for stronger relationships
in APOE ε4 carriers. We argue for common macrostructural systems
supporting memory function, where multiple factors converge to
increase vulnerability in older age. The implications of these findings
are discussed below.

Brain decline - memory loss associations: a generalized phe-
nomenon or constrained to above-average brain decliners?
Observed brain decline is non-linearly associated with memory decline,
with stronger associations in brain decliners, i.e., individuals exhibiting
above-average brain decline relative to their age and sex, compared to
brain maintainers. This finding within the context of cognitively healthy
aging differs from previous research, which may have over-relied on
linear regression models and modest sample sizes. At first sight, it
suggests change – change associations are constrained to a specific
population of individuals with steeper brain decline, at-risk for patho-
logical neurodegeneration. Yet, our simulations challenge this inter-
pretation, rather suggesting the non-linear trends result from the
presence of multiple sources contributing to noisy measures of brain
change. Amongst these, one component, i.e., brain aging, has linear
associations with memory decline and is characterized by a negative
mean and skewness. These assumptions align well with current evi-
dence, including, critically, the skewed distribution of brain
aging16,20,22,32,61,62. The findings suggest that changes in brain aging are
dimensional, skewed, and an inherent process, which is an important
determinant of memory loss in cognitively unimpaired elderly. Rather
than a categorical view, where a degenerative component of brain
change is limited to vulnerable individuals, it is the combination of noise
and a skewed distribution that limits our ability to observe empirical
associations in individuals with less brain change. These results likely
underpin other categorical distinctions in neurocognitive aging12 and
are closely aligned with brain maintenance theory predictions63.

Brain change–MemoryChangeAssociations inAPOE ε4Carriers:
Distinct Decline, Shared Mechanisms?
APOE ε4 is associated with steeper brain decline and memory decline
but does not affect the change – change associations between brain
structure and memory. Carrying the APOE ε4 allele is the strongest

genetic risk for sporadic AD, with dose-dependent effects64,65. Older
carriers of the APOE ε4 allele exhibited steeper memory and brain
decline, particularly in the hippocampi and the right amygdala, aligning
with many other studies45,46. It is plausible that a higher proportion of
APOE ε4 carriers are on a path to clinical disease manifestation of AD,
putatively driven by the spreading of Tau deposition, which is strongly
linked to steeper brain atrophy, memory decline, and short-term clin-
ical diagnosis66. However, the change – change associations and the
moderating effects of age were not influenced by APOE ε4 status, nor
are they likely affected by preclinical AD. First, in some regions, the
change – change associations were evident before age 60, when the
prevalence of Tau deposition is generally very low67. Aβ deposition
before age 60 is slightly more common, but when controlling for Tau,
the influence of Aβ on brain and memory decline is modest at
best66,68–70. Second, the associations are not constrained to the MTL,
where earlier preclinical changes are observed in AD. Third, if pre-
clinical AD were to influence the Δbrain - Δmemory associations, APOE
ε4 non-carriers would display attenuated or age-delayed associations
between brain and memory decline. One study using linear models
reported stronger associations between hippocampal change and
memory decline in cognitively healthy APOE ε4 carriers9, arguing that
APOE ε4 carriers had amore hippocampal-centric pattern of atrophy in
linewith categorical aging anddiseasemodels. The current results align
with a more hippocampal-centric pattern of atrophy but also fit well
with a dimensional view of aging, where APOE ε4 contributes to
accelerated brain aging, without changing the macrostructural
mechanisms underlying the change – change associations. This is
captured by the simulation analyses, which illustrate that a brain aging
distribution with either steeper mean decline or higher skewness in
APOE ε4 carriers would lead to both steeper brain andmemory decline,
but similar strength of the change – change associations. Altogether,
these results fit with a dimensional view of aging, where APOE ε4 and
early preclinical change in AD are one of many pathways affecting
common biological substrates that determine memory function in
older age, namely, regional and global macrostructural atrophy.

Age is an important determinant of brain change – memory
change associations
Age strengthens the associations between brain decline and memory
decline, gradually extending to brain maintainers across most
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significant regions. The hippocampi are among the earliest regions to
exhibit these associations, emerging in the late fifties. This finding
aligns with previous indirect evidence that the relationship between
brain and memory decline strengthens with age25,41,42. Simulated data
identified dispersion - greater variability in brain change across indi-
viduals - as the key factor driving stronger associations with age. This
aligns with prior research indicating increased variability in both brain
levels and brain change16,20, a pattern also observed in cognition,
including episodic memory18,19. Interestingly, mean decline did not
significantly affect the strength of the brain - cognition associations.
The steeper memory and MTL declines from around 60 years of
age10,11,15,16 are therefore not direct causes of these associations but
rather serve as indirect markers. Since brain aging follows a unidirec-
tional trajectory - where everyone experiences some degree of decline
over time - greater variability in brain aging gives rise to steeper rates
of brain decline. Overall, age is the primary determinant of degen-
erative brain change, and henceforth of change – change associations.
Below a certain age, brain aging – or better said, population-level
variability – is minimal, making it unlikely to be a key factor behind
episodic memory loss; if a meaningful decline in episodic memory
occurs in young adulthood1,2,71. What makes age the prime risk factor
for brain decline and which age-related factors may explain variations
in brain (and memory) decline, remain amongst the most critical
questions in the field. All points to a multidimensional view, where
brain systems, even in the absence of overt pathological changes, are
highly vulnerable to several aging factors32.

Regional associations between brain change and
memory change
Hippocampal atrophy unsurprisingly showed the strongest associa-
tions with memory decline over time. This is consistent with earlier
studies in the context of cognitively healthy elderly25–29, the key role of
hippocampus in episodic memory33,37, and its vulnerability to aging32.
In contrast, ventricular associations likely reflect global, non-specific
patterns of brain atrophy and have also been reported elsewhere27,34.
The mechanisms underlying observed caudate, thalamus, putamen,
and amygdala change – change associations remain unclear and
require experimental approaches to move beyond speculation. One
possibility is altered coupling between these regions and the hippo-
campus, as they all exhibit connectivity changes with the hippocampi
during aging and episodic memory tasks72–75. Associations between
cortical thinning and memory decline were weaker than those
observed for subcortical structures29. Cortical thinning was chosen
due to its high sensitivity to change; however, this sensitivity may
render it more susceptible to influences unrelated to aging and long-
term memory decline. Among the regions surviving multiple com-
parisons correction, the left parahippocampal gyrus stood out. Its
anterior portion encompasses the entorhinal cortex, which serves as
the main interface between the neocortex and the hippocampus, and
is critically involved in memory37,76,77. Six additional regions in the
temporal lobe were associated with memory decline, likely reflecting
their roles in auditory, visual, or multimodal processing and integra-
tion.Most of the remaining regions, such as the pericallosal sulcus, the
supramarginal gyrus, and the long insular gyrus, pertain to an action-
mode network involved in task-positive, goal-directed behavior78. The
overall pattern consists of relatively higher-order regions associated
with both goal-directed and internal self-referential processing, which
manifest the particular requirements that memory encoding and
retrieval impose on the brain, that is, orchestrating dynamics amongst
– often antagonistic - large-scale networks79.

Dimensionality of brain change: Global decline or regional
contributions?
Previous research has suggested that the associations between brain
atrophy and memory decline are driven either by a global factor of

brain decline or are constrained to the MTL6,25,39. Our findings partially
support both views, as we found evidence for a global factor of brain
decline, while hippocampal atrophy showed the strongest regional
associations with memory decline. However, the results reveal a more
nuanced picture, with evidence for clustering observed. While the
clustering solution made both topological and functional sense, cau-
tion is warranted regarding the specific solution obtained, as multiple
solutionswere plausible, and the input datawere selectedbasedon the
somewhat arbitrary criterion of statistical significance. Nonetheless,
several clustering solutions outperformed the one-factor solution,
with some of these remaining associated with memory decline even
after controlling for hippocampus or global decline. Most existing
research, including this study, does not fully disentangle cross-
regional correlations in brain aging from correlated errors. In any
case, the current results indicate that a decline in regions critical to
lower-order functions, such as attention, or indirectly related to
memory via reward or executive control systems, contributes to
memory loss independently of the integrity of medial lobe structures.
Note also that the relationship between some observed regions and
memory decline may be explained by a change in global cognition39.

Technical considerations and limitations
The study required considerable analytical flexibility, which may
influence theoutcome. Amultiverse approach80was impractical due to
constraints in data availability and computational resources. Applying
iterative normative modeling and generating bootstrapped p-values
across 166 regions would have rendered such an approach prohibi-
tively time-consuming. Key considerations include: I) Normative
modeling-based normalization using Hierarchical Bayesian
Regression81,82, a flexible technique that often outperforms other har-
monization methods83. It standardizes Z-scores based on age and sex,
making data relative and somewhat challenging to interpret. However,
it eliminates most age-related homoscedasticity and facilitates com-
parisons with other research, since data are aligned to an openly
available norm.Assuming similar scannerharmonizationperformance,
normative models should yield results comparable to other methods
except in cases where interindividual variability strongly depends on
age or sex. This is generally not the case for cortical thickness and
subcortical volumes, except for ventricular features that show sub-
stantial age-related changes in variability. Consequently, we expect
some attenuation in brain-memory change associations for ventricles
when using normative modeling. In contrast, estimates for the age ×
brain atrophy interaction should be largely method-independent and
reflect standardized associations. II) Bootstrapped p-values were esti-
mated to better control the false positive rate in GAMMs84, leading to
somewhat reduced power compared to linear models when the
observed relationship is linear, although it can be argued that it hardly
ever is. III) Estimation of change scores via linear changes over time per
individual, with weighting applied to control for differences in long-
itudinal reliability as individuals with longer follow-up times and more
observations contribute with more reliable data20,85. This represents a
compromise choice, balancing data quality, flexibility, and interpret-
ability; yet other approaches based, e.g., in standard equation mod-
eling or use of random slopes as measures of individual change have
also its strengths. IV) Inclusion of covariates representing other vari-
ables (e.g., neurochemical measurements) may account for unex-
plained variance and uncover further associations. V) Atlas choice was
guided by practical considerations, particularly the availability of high-
quality normative models82. While it is unclear which atlas would be
optimal for our study, a multi-modal atlas may be a promising
candidate86. In any case, we conducted a series of control analyses that
included additional covariates, analytical choices, and age-restricted
subsamples. These analyses consistently produced similar patterns of
association, supporting the robustness of our main findings.
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Here, we combineddatasets to increase sample size and statistical
power. However,we also inherited the idiosyncrasies of these datasets,
such as inclusion/exclusion criteria, sample unrepresentativeness, and
recruitment methods. Also, analytical compromises were made to
ensure compatibility across all datasets. Memory function was har-
monized independently within each dataset, and thus reflects the
specific tests used rather thana commonconstruct;mostof these tests
primarily assessed verbal episodic learning and free recall. While
modality or content-specific analyses could, in principle, reveal more
precise specific anatomical relationships, the available data did not
permit such detailed investigation. Also, an Item-response framework
is theoretically a more robust approach for harmonisation, placing all
individuals in the same space; yet, it is unfeasible in practice, as some
datasets lacked shared tests. Estimating non-linear trajectories within
individuals was inadvisable given the relatively limited number of
observations and follow-up durations per participant. Reliable esti-
mation of non-linear change typically requires substantially more data
than linear models. Moreover, our preprocessing pipeline explicitly
accounts for and removes non-linear age trends at the group level,
thereby addressing a major source of non-linearity in brain and cog-
nitive measurements.

The two-source model proposed in the discussion remains spec-
ulative, while the specific mechanisms underlying brain aging remain
elusive. Our post-hoc simulation requires external empirical validation
usingmore precise estimates of change than those available in current
legacy datasets87. Improved study design and advanced scanning
protocols, such as cluster scanning88, offer a promising avenue to
enable such validation. Young APOE ε4 carriers showed less memory
change. We remain cautious of these results as the youngest segment
of our sample had limited availability of APOE information, and thus
emphasize the need for further research. For communication pur-
poses, we used the terms brain maintainer and brain decliner despite
employing a dimensional approach. This choice favors clarity over
strict precision. For a more precise representation, readers are refer-
red to the Supporting app, where point estimates are provided across
varying levels of brain atrophy.

Overall, brain atrophy accounts for only a small proportion of the
variance in memory decline, unsurprising given the substantial het-
erogeneity influencing interindividual differences in cognitive
aging89,90. Other brain structure modalities, such as cortical area, are
both associated with memory decline and independent from cortical
thinning29,35. White matter integrity91, particularly within limbic
pathways92, along with white matter hyperintensities93 and other vas-
cular factors, are also likely to contribute, at least partially indepen-
dently. Additional potential contributors include brainstem, basal
ganglia, and cortical neurochemistry94,95 and indices of brain
function96. Associations between memory decline and early patholo-
gical changes in limbic-predominant age-related TDP-43 encephalo-
pathy (LATE-NC), primary age-related tauopathy (PART), or ADmay be
largely mediated by shared variance with temporal brain atrophy97–99.
Even accounting for these factors, substantial variance in cognitive
decline will remain unexplained due to measurement error, techno-
logical limitations, and resilience factors. The relationships among
these factors, as well as our findings, are shaped by sample char-
acteristics; accordingly, our results are most generalizable to other
samples of clinically unimpaired individuals. Following up individuals
after clinical conversionmayproducemodest quantitative shifts - such
as stronger effects of brain atrophy, age × brain atrophy, and APOE ε4
on memory decline – consistent with established links among these
measures and cognitive impairment. In contrast, qualitative changes,
such as a reconfiguration of the regional pattern or its interaction with
APOE ε4, are unlikely unless the sample is substantially clinically
enriched. Only with significant pathology would a fundamental shift in
the neurobiological basis of memory decline be expected. Multimodal
integration of longitudinal neuroimaging and cognitive data with

postmortem neuropathology offers a promising avenue for advancing
our understanding100.

To conclude, regional brain decline over time, particularly, but
not limited to, the hippocampus, was associated with memory loss
with age, but APOE ε4 status was not a key factor behind these asso-
ciations. These associations strengthened with age from around 60
years. Methodologically, the findings underscore the necessity for
methods and approaches that capture non-linear dynamics and put
focus on the variability across individuals rather than mean change.
Theoretically, the results support amultidimensional view ofmemory,
aging, and disease, where multiple factors converge to increase the
vulnerability of commonmacrostructural systems supportingmemory
function in older age.

Methods
Participants
The research complies with all relevant ethical regulations, and all
participants provided informed consent. The main project was
approved by theNorwegianRegional Committee forMedical Research
Ethics South (REK sør-øst, approval no. 8122), and each dataset was
approved by the relevant ethical review board, as specified in Sup-
plementary Table 7.

In this study, we combined 13 ongoing or retrospective datasets
that included a) cognitively healthy adult individuals with longitudinal
assessments of brain structure (T1-weighted [T1w] sequence) and of
memory function. All the main analyses were carried out using only
longitudinal information from both brain structure and memory
function. Individuals with only 1 observation, or uncoupled memory –

brain data, were used only in preprocessing stages: for calibration
purposes in MRI preprocessing and for principal component extrac-
tion, and Z-scoring of memory scores (see below). Including these
individuals alongside those with follow-up data allowed for a more
robust and generalizable estimation of sex-specific age trajectories -
less influencedby attrition bias – sinceparticipantswith follow-up data
tend to be healthier than their age peers. This approach also enabled
more accurate estimation of test-retest effects in memory assess-
ments. Sex was determined by self-report. See Supplementary
Tables 5 and 6 for information on the initial MRI andmemory samples.
Unless otherwise stated, we focus on the longitudinal-coupled samples
used in the main analyses.

A total of 3737 cognitively healthy adults, with at least partially
overlapping longitudinal follow-ups of brain structure and memory
function, with a minimum total span of 1.5 years, were included in the
analyses. In total, 10,343 MRI observations and 13,460 memory
observations contributed to the analyses (Table 1, Supplementary
Fig. 1). The datasets include the LCBC101, Betula102, UB103,104, and BASE-
II105,106 datasets (from the Lifebrain Consortium)107 as well as the
COGNORM108, the Alzheimer’s Disease Neuroimaging Initiative (ADNI)
database (https://adni.loni.usc.edu)109, AIBL110, BBHI111, the Harvard
Aging Brain Study (HABS)112, the UKB113, PREVENT-AD114,115, OASIS3116,
and VETSA117 datasets. In addition to cohort-specific inclusion and
exclusion criteria, observations concurrent with cognitive impairment
andAlzheimer’s dementiawere excluded. Individualswith baseline age
<18 years, or with severe neurological or psychiatric disorders, were
additionally excluded. Basedonpreprocessing requirements,MRI data
from scanners with fewer than 25 observations were excluded, as well
as individuals with less than 1.5 years of follow-up of either memory
function or brain structure. Individuals without partially overlapping
follow-up periods of brain and memory assessment were excluded, as
well as those with non-overlapping periods >10 years. See Supple-
mentary Table 7 for data availability, ethical standards, and contact
information and SI for more sample details. A total of 3,149 subjects
had APOE data available. Of these, 27.8 % were carriers of the APOE ε4
allele.
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Memory function
For each sample, we first z-normalized all measures based on the first
time point and the different available memory tests. When multiple
measures were available, we estimated a main component using
Principal Component Analysis (PCA; prcomp) with all measures at the
first time point as inputs. Missing values were imputed using impu-
tePCA from the missMDA r-package118. Only for OASIS3, the imputed
number of values was not negligible ( >.5%). See Supplementary
Table 8 for information on memory data for each sample. For each
dataset, we regressed out age as a smoothing term, sex, and one or two
dummy test-retest regressors using GAMMs (mgcv R-package)119.
Individual identifiers were used as random intercepts, and the number
of dummy test-retest regressors depended onwhether the dataset had
2 or >=3 waves with memory function data. We retained individuals
with at least two observations and a minimum follow-up of 1.5 years.
For each individual, we then estimated yearly change by regressing
memory observations on follow-up time, which were Z-standardized
by site and fed to higher-level analyses.

MRI preprocessing and brain structure
MRI acquisition and preprocessing. Structural T1w MPRAGE and
FSPGR scans were collected using 1.5 and 3 T MRI scanners. See
information on scanner parameters and scanners across datasets in
Supplementary Table 9. Data was converted to BIDS120 and pre-
processed using the longitudinal FreeSurfer v.7.1.0 stream121 for cor-
tical reconstructionand volumetric segmentation of the structural T1w
scans122,123. See details in SI. Data was tabulated based on the Destrieux
(cortical;N = 74 regions per hemisphere)56 and aseg (subcortical,N = 18
regions) atlases57. Atlas choice was guided by practical considerations,
as high-quality normative models were readily available82.

Data harmonization. Brain regions were harmonized using a norma-
tivemodeling framework, resulting in site-agnostic deviation scores (z-
scores) adjusted for age and sex61,82 based on a Hierarchical Bayesian
Regression technique81 as implemented in the PCNtoolkit
(v.0.30.post2), in Python3 environment124 (v.3.9.5). Calibration to the
model was performed iteratively (N= 100) to avoid losing longitudinal
observations. This step was carried out with the initialMRI sample, i.e.,
regardless of the availability of longitudinal MRI data or paired mem-
ory function assessments. Calibrated data, across iterations, showed
high reliability. See SI for more normative modeling harmonization
details.Next,we selected individualswith at least twoobservations and
a minimum follow-up of 1.5 years. For each individual and region, we
estimated yearly changeby regressingnormativeMRIvalues on follow-
up time, Z-standardized data by site, and fed the output into higher-
level analyses. The correlation between individual change estimates
derived from the normative-modeling approach and those obtained
using a GAMM – with sex as fixed factor, age as smoothing term, and
subject, scanner, and dataset as random intercepts58 – was very high
across most regions, suggesting a null-to-modest impact of this ana-
lytical choice (mean r = .96 across regions; see Supplementary Fig. 6).

Higher-level analyses
All the analyses were carried out in the R environment (v.4.2.1)125.
Visualizations were made with the ggplot2 (v.4.0.0)126 and the ggseg
(brain images; v.1.6.5)127 R-packages. Regions were selected among the
statistically significant results to best illustrate the range of change-
change associations. Visualizations for all regions are available in the
Supporting app. Analyses weremostly carried out using gammmodels
as implemented in the mgcv (v.1.9-3) R-package119. Derivatives were
estimated based on finite differences as implemented in the gratia
package (v.0.11-1)128. Linear mixed models as implemented in lme4
(v.1.1-37), lmerTest (v.3.1-3)129,130 were also used to assess the effect of
APOE ε4 on brain and cognition.

To test the regional association between brain change and
memory change, we carried out univariate weighted GAMMs, with a
smooth term of Δbrain predicting Δmemory. An Δbrain × age tensor
interaction term was added, as well as a smooth term of age, to assess
the effect of age on Δbrain – Δmemory associations. The effect of
APOE ε4 on memory and brain regions was tested using weighted
linear mixed effects models, with APOE ε4 status predicting either
Δbrain or Δmemory. The age × APOE ε4 status interaction was tested
using GAMMs with age as a smooth term by APOE ε4 status as an
ordered factor, in addition to APOE ε4 status as a fixed effect, and age
as a smooth term. This effectively models the smooth term of age for
APOE ε4 non-carriers as a reference, while the smoothed term for
APOE ε4 carriers models the difference with respect to the reference.
Similarly, the Δbrain × APOE ε4 status was used to assess the effect of
APOE ε4 on Δbrain – Δmemory associations. Finally, age × Δbrain ×
APOE ε4 status with their simple effects) was used to test a triple
interaction of age, APOE ε4 status, andΔbrain onΔmemory. Allmodels
included the dataset as a random intercept.

We tested the dimensionality by performing PCA and clustering
on the regions (N = 19) showing significant Δbrain – Δmemory asso-
ciations. To ensure the resulting global atrophy factorwas alignedwith
the association of interest, we constrained it to regions linked to
memory decline. As such, it may be more appropriate to interpret this
factor as reflecting the common contribution of memory-sensitive
areas. Therefore, the global factor identified here may not be fully
generalizable to broader measures of global brain atrophy. This, along
with the heterogeneity introduced by combining multiple cohorts,
may explain the relatively modest variance explained by the global
factor compared to those reported elsewhere6,29. The clustering was
based on the M3C, Monte-Carlo Reference-based Consensus algo-
rithm, implemented in the M3C (v.1.30.0) package131, which, critically,
tests whether the desired solution is better than K = 1. We used a
spectral clustering algorithm and PAC criteria, while the remaining
parameters were set to the default. As post-hoc analyses, we tested
whether the resulting clusters of brain changewere related tomemory
change, controlling for the effect on memory of other brain regions
such as the hippocampus or a general factor of brain decline using
GAMMs as described above. See more details on SI along with
pseudocode.

Note that in all analyses we have one observation per individual
(e.g., Δmemory) as we are using change scores. Note also that age (and
sex) trends are removed, and thus the model captures only inter-
individual associations - relative change - and age trends are unin-
terpretable. Prior to any analysis, outlier values, defined as
values > 4.5 SD from themean, were removed from the analyses (based
on a p <0.05 of observing at least one outlier value given a normal
distribution and our sample size). In GAMMs, we estimated p-values
using a wild bootstrapping (n = 5000) as the out-of-the-box p-values,
as implemented in mgcv, are anticonservative84. Wild bootstrapping
generates a null distribution of p-values by a) estimating a null model
without the regressor of interest, b) extracting predicted values from
the model and its residuals, c) adding the predicted value to the resi-
dualsmultiplied by a randomvector of 1 and -1s, and d) re-estimating a
new model using this score as the predicted variable. When appro-
priate, p-values were corrected for multiple comparisons using FDR132.
All models used weights to account for unequal reliability of long-
itudinal data. That is, individuals with short follow-up periods and
fewer observations contribute with more unreliable, high-variance
data and thus should produce an unequal spread of residuals. We used
the square of reliability as weights, as estimated elsewhere20. Weights
<.09, corresponding to longitudinal reliability <.3, were set at 0.09. For
tensor interactions, we estimated the derivatives along Δbrain at spe-
cific ages (40, 50, 60, 70, 80 years) using a finite differences approach.
The degree of association between Δbrain and Δmemory is estimated
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only for Δbrain <0 – as most associations are constrained in brain
decliners, estimating themean association across the Δbrain weighted
by the density of data-points. Note that the β coefficients are stan-
dardized and, therefore, somewhat comparable to an effect size
measure. We estimated the partial variance explained by brain change
and by brain change × age interaction as the difference in variance
explained between the full model and a null model without the
regressors of interest. This approximation likely underestimates the
variance explained by the regressors as i) mgcv’s default variance
explainedmetric penalizes model complexity, ii) smooth terms are re-
fitted in the null model, and iii) variance attributable to the regressors
maybe partially absorbed by re-fitting the random-effect components.
Data from the ventricles were sign-reversed. We slightly trimmed the
x-axis in the figures – removing ≈1% of the observations – to exclude
high uncertainty fittings from visualization.

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

Data availability
The raw data were gathered from 13 different datasets. Different
agreements are required for each dataset. Most datasets are openly
available with prespecified data usage agreements. For some datasets,
such as UKB, fees may apply. Requests for Lifebrain cohorts (LCBC,
Umeå, UB) and COGNORM, should be submitted to the corresponding
principal investigator. See data availability and contact details for all
datasets in Supplementary Table 7. Group-level estimates generated in
this study are provided in the Supporting app (https://vidalpineiro.
shinyapps.io/brain_mem_change/). Source data to reproduce the fig-
ures is provided in a separate Source Data file. Source data are pro-
vided with this paper.

Code availability
Statistical analyses in this manuscript are available at https://github.
com/daidak/memory-brain-change 133. All analyses were performed in
R. The scripts were run on the Colossus processing cluster, University
of Oslo. MRI preprocessing and feature generation scripts were per-
formed with FreeSurfer (https://surfer.nmr.mgh.harvard.edu/)
software.
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