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Genetic risk of Alzheimer’s disease is
associated with loss of brain network
segregation in midlife

Check for updates

Feng Deng1, Richard N. Henson 2,3, Graciela Muniz-Terrera4,5, Paresh Malhotra 6,7,
John T. O’Brien 3,8, Craig W. Ritchie4,9, Brian Lawlor10,11 & Lorina Naci 10,11

Alzheimer’s disease (AD) neuropathology starts decades before clinical manifestations, but the early
indicators of AD in midlife remain unclear. Functional segregation of brain networks is a key marker of
brain health. It remains unknown, however, whether inherited risk of AD impacts network segregation
from midlife in individuals who are cognitively healthy but carry inherited risk for late-life AD. To
address this question, we investigate which brain networks show the strongest age-related
segregation loss in the Cam-CAN lifespan cohort (18–88 years, N = 652), and whether APOE ε4
genotype impacts segregation of age-vulnerable networks in the midlife PREVENT cohort (40–59
years, N = 210), cross-sectionally and longitudinally. Higher-order networks showing the most
significant age-related decline are the default mode (DMN), frontal-parietal control (FPN) and salience
(SN) networks. Cognitively healthy midlife APOE ε4 carriers have higher segregation across the brain
cross-sectionally, accompanied by greater longitudinal decline in the DMN over two years, relative to
non-carriers. Higher DMN segregation is associated with better episodic and relational memory
across the PREVENT cohort. These findings suggest that functional segregation may serve as a
potential biomarker, providing insights into the mechanisms through which APOE influences brain
function and cognition from healthy midlife, on average 23 years before dementia onset.

Dementia, particularly Alzheimer’s disease (AD), is a growing public health
concern that presents profound challenges to healthcare systems, families
and societies throughout the world1. Midlife is a critical period for the
development of AD pathology2,3 and potentially, a disease-altering window
prior to the manifestation of substantial brain damage. There is an urgent
need for risk reduction interventions focused on midlife4–6. However, the
indicators and brain mechanisms of AD in midlife remain poorly
understood7,8.

Accumulating evidence points to functional brain network segregation
—the extent to which a network is distinct from others in its functional
connectivity profile—as a marker of brain health in both normal and
pathological ageing. Increasing adult age is associatedwith reducednetwork
segregation9–13, and such ‘dedifferentiation’ is in turn associated with age-
related decline in cognitive and motor function10,12,14–19. Conversely,

preservation of network segregation is associated with maintenance of
cognition in healthy ageing20–22 and in patients with brain injury23, sug-
gesting that functional network segregation supports cognitive reserve24. In
asymptomatic older adults (mean age >65 years), loss of network segrega-
tion was associated with the accumulation of AD pathology, such as beta-
amyloid (Aβ) and tau25,26, or the presence of apolipoprotein (APOE) ε4
allele27, the main genetic risk factor for sporadic late-onset AD in the Indo-
European population28. Reduction of network segregation in APOE ε4
carriers was also associated with cognitive decline27, and, conversely, its
maintenance was associated with preserved cognitive performance, despite
the presence of AD pathology26. Decreased segregationwas also observed in
patients withmild cognitive decline (MCI)29,30 andAD26,31 compared to age-
matched controls. An accelerated decline in network segregation with
ageing has been associated with increasing dementia severity21.
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It remains unknown, however, whether network segregation shows
early modifications, from midlife, in individuals who have inherited risk of
Alzheimer’s disease but are presently cognitively healthy. This question has
important implications for identifying intermediate phenotypes of the
earliest brain changes in the preclinical stages of AD32, which can provide
urgently needed early disease biomarkers for timely preventative interven-
tions frommidlife. It is alsonot knownwhichbrainnetworks aremore liable
to segregation loss during healthy ageing and in preclinical ADpopulations.
Associative networks are shown to be more susceptible to age-related
‘dedifferentiation’ than the sensorimotor networks10,11,17,33–35, but it is not
known which individual network show early risk-related changes from
midlife. The default mode network (DMN) is one such candidate
network36–39, with early changes—atrophy and metabolic abnormalities—
being found in its core regions at early stages of clinical AD progression40–42.

To address these gaps, this study first investigated the age-related
effects on individual network segregation among a comprehensive set of ten
atlas-based43 brain networks. We leveraged the large functional Magnetic
Resonance Imaging (fMRI) dataset of healthy individuals (N = 652 aged
18–88) from the Cambridge Centre for Ageing and Neuroscience (Cam-
CAN, www.cam-can.org). Second, we examined in a subset of brain net-
works identified from the Cam-CAN analyses, the cross-sectional and
longitudinal effects of inherited risk for late-life AD in cognitively healthy
midlife individuals (N = 210 aged 40–59 years) from the PREVENT
Dementia programme (https://preventdementia.co.uk/). The behavioural
significance of network segregation in each cohort was tested via the rela-
tionship between network segregation and cognition, using comparable
cognitive measures, i.e., fluid intelligence and episodic memory in Cam-
CAN and episodic and relational memory in PREVENT.

We predicted age-related loss of segregation globally, and in specific
associativenetworks, particularly in theDMN,and thatnetwork segregation
would be significantly associated with cognitive performance. APOE ε4
carriers were predicted to show reduced network-specific segregation
relative to APOE ε4 non-carriers cross-sectionally, and loss of segregation
longitudinally, over the 2-year period, in the DMN.

Results
Demographic characteristics for the Cam-CAN cohort
Demographic characteristics of the Cam-CANcohort are shown in Table 1.

Functional network segregationacross the healthyadult lifespan
in the Cam-CAN cohort
Global segregation in the Cam-CAN cohort. Global segregation
showed a significant linear effect of age. The mean participation coeffi-
cient (Pc) across all region of interests (ROIs) increased with age
(β = 0.28, p < 0.001, Fig. 1 and Table 2), adjusted for sex andmean frame-
wise displacement (FD). Any quadratic effect of age did not reach sig-
nificance. This result was also supported by the validation analyses using
the Raichle atlas [see Supplementary Information (SI)]. Females had a
small effect of significantly lower Pc values (β =−0.08, p < 0.05), or
stronger network segregation thanmales. The linear Pc-Age relationship

remained significant (β = 0.19, p = 0.004) when additionally controlling
for total intracranial volume (TIV, i.e., head size), and for grey matter
volume (GMV, see Supplementary Table 1), a standard measure of brain
health, suggesting that the Pcmeasure captures additional effects of age of
functional network organization.

Network-level segregation in the Cam-CAN cohort. To investigate
whether segregation of individual networks was selectively vulnerable to
healthy ageing, we assessed the effects of age on the mean Pc within each
of the ten networks separately, adjusted for sex and mean FD. A second-
order polynomial expansion of age showed a significant linear effect of
age on 5/10 networks (Fig. 2), with frontal-parietal control (FPN,
β = 0.34, p < 0.001), default mode (DMN, β = 0.25, p < 0.001), salience
(SN, β = 0.25, p < 0.001), and visual (VIS, β = 0.20, p < 0.001) networks
showing an increase in Pc (reduced segregation) with age, and SM1
(sensorimotor hand, β =−0.20, p < 0.001) showing a decrease in Pc
(increased segregation) with age. There was also a significant quadratic
age effect on Pc of FPN (β = 0.14, p < 0.001, Fig. 2). The other networks
showed no significant associations with age after Bonferroni-correction
for the number of networks. The result that the three higher-order
networks (FPN, DMN, SN) were particularly susceptible to age-related
changes was also corroborated by the validation analyses using the
Raichle atlas (Supplementary Fig. 1).

The results for the three higher-order networks (FPN,DMN, SN)were
consistent with our expectations, based on prior literature on age-related
segregation loss on associativenetworks10. The effect of ageon the functional
segregation of the Motor 1 network was not related to the study question,
thus was not examined further, thoughmay be of interest for future studies.
A supporting analysis confirmed that the same three networks show the
strongest effect of age in the PREVENT cohort (Supplementary Fig. 2).

Network segregation and cognitive performance in the Cam-
CAN cohort
Global Pc and thePcofFPN,DMNandSNwere significantly related tofluid
intelligence and episodic memory, after controlling for sex and mean FD,
indicating that lower segregation was significantly associated with poorer
cognitive performance. When additionally accounting for the linear and
quadratic effects of age, the associations between Pc and cognition were no
longer significant. Therefore, we cannot be confident whether the initial
associations reflect true effects ormerely driven by age-related confounding
(see SI for full results).

Table 1 | Demographic information for the Cam-CAN cohort

Whole cohort

Age range, y 18–88

Sex (Female), % 50.61

Educationa University 395

A Levels 68

GCSE 111

None 75
aEducation levels were categorized according to the British education system: ‘none’ no education
over the age of 16 years; ‘GCSE’ General Certificate of Secondary Education; ‘A Levels’ General
Certificate of Education Advanced Level; ‘University’ undergraduate or graduate degree (where
higher levels subsume lower ones). Educational information was missing for 3 participants.

Fig. 1 | Associations between global participation coefficient (Pc) and age in the
Cam-CAN cohort (N= 652). Global Pc values (y-axis) were adjusted for sex and
head movement. Higher Pc reflects decreased network segregation.
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Demographic characteristics for the PREVENT cohort
The demographic information for the PREVENTcohort that passed quality
control, at baseline and at follow-up is shown in Table 3. Participants are
stratified byAPOEε4 genotype. There were no significant differences in age,
sex or years of education (Table 3).

Network segregation and the APOE risk factor in the PREVENT
cohort at baseline
Global segregation in the PREVENT cohort at baseline. The multiple
regression model for the APOE risk factor showed a significant negative
association between global Pc and APOE ε4 genotype (β =−0.18,
p = 0.03), after adjusting for effects of age, sex, mean FD and number of
brain nodes (owing to differences in the field of view, see ‘Methods’)
(Table 4). The effect of APOE remained significant when adding GMV
andTIV as covariates (β =−0.18, p = 0.03), suggesting the effect ofAPOE
on segregation is independent of any effect of APOE on grey matter

volume. APOE ε4 carriers had significantly higher segregation than ε4
non-carriers (Fig. 3a). Furthermore, the APOE effect remained robust
after controlling for both linear and quadratic age effects, as well as the
aforementioned covariates (see SI). The inclusion of an additional
second-order polynomial expansion of age covariate was to account for
the nonlinear age-related changes in Pc observed in our broader analyses
(see SI). This result was further supported by validation analyses using a
second brain parcellation scheme by Raichle (2011) (Supplementary
Table 2) and the mutual information connectivity metric (see SI).
Moreover, this result was not merely attributable to overall connectivity
differences (see SI).

Network-level segregation in the PREVENT cohort at baseline. To
test whether the effect of APOE ε4 genotype was specific to certain high-
level network(s), we investigated each of the three associative networks
identified as showing age and cognition effects in the independent Cam-
CAN dataset. Only the DMN showed a significant negative association
between APOE ε4 genotype and Pc at baseline (β =−0.19, p = 0.01),
independent of age, sex, mean FD and number of brain nodes (Fig. 3b),
with Bonferroni correction. This result remained robust after controlling
for both linear and quadratic age effects, as well as the aforementioned
covariates (see SI). This result was also supported by the validation
analyses using the Raichle atlas (Supplementary Table 2) and the mutual
information connectivity metric (see SI). Moreover, this result was not
merely attributable to overall connectivity differences (see SI). Addi-
tionally, DMN segregation was highly consistent across the Power and
Raichle atlases (Supplementary Fig. 3), which suggests that this measure
is robust.

The other two networks did not show significant associations with
APOE genotype (FPN: β =−0.11, p = 0.21; SN: β =−0.09, p = 0.28). We
also foundno significant differences in either global efficiency ormodularity
betweenAPOE ε4 carriers and non-carriers, suggesting that global network
topology remains largely intact at this midlife stage (see SI).

Network segregation and cognitive performance in the PRE-
VENT cohort at baseline
We then examined the associations between global and DMN segregation
and cognitive performance. At baseline, there was a significant negative,

Table 2 | Regressionmodels assessing associations of global participation coefficient (Pc) with age, controlling for covariates,
in the Cam-CAN cohort

Dependent variables Independent variables β 95% CI t p

Global Pc Age 0.28 [0.20, 0.36] 7.13 <0.001

Age2 0.02 [−0.05, 0.09] 0.52 0.60

Sex −0.08 [−0.15, −0.01] −2.32 0.02

Mean FD 0.25 [0.17, 0.32] 6.28 <0.001

β standardised coefficient, CI confidence interval, FD framewise displacement.

Fig. 2 | Network-specific effect of age on partici-
pation coefficient (Pc), adjusted for sex and head
motion in the Cam-CAN cohort (N= 652). Stan-
dardized β coefficient (dot) and 95% confidence
interval (CI, horizontal line) are shown for each
network. Positive β coefficient reflects an inverse
relationship between network segregation and age,
as higher Pc values indicate reduced network seg-
regation. *** indicates p < 0.005 (Bonferonni-cor-
rected for the 10 networks). FPN frontal-parietal
control, DMNdefault mode, SN salience, VIS visual,
SM somatomotor, VAN ventral attention, AUD
auditory, DAN dorsal attention, CON cingulo-
opercular control.

Table 3 | Demographic information for the PREVENT cohort in
baseline and follow-up (over 2 years) samples, stratified by
APOE genotype

APOE ε4+ APOE ε4− p value

Baseline
(N = 153)

Sample size 54 99 –

Age, y 52.00 (7.00) 53.00 (9.50) 0.31

Sex (Female), % 70.37% 71.72% 1.00

Years of
education

17.00 (4.75) 16.00 (5.00) 0.21

Follow-
up (N = 149)

Sample size 57 92 –

Age, y 54.00 (7.00) 55.00 (8.00) 0.17

Sex (Female), % 77.19% 71.74% 0.59

Years of
education

17.00 (4.00) 16.00 (4.25) 0.55

Values shown are the median (interquartile range, IQR) where applicable. p values were obtained
from Mann–Whitney tests for continuous variables and from chi-squared tests for categorical
variables.
APOE ε4+ Apolipoprotein ε4 genotype positive, APOE ε4− Apolipoprotein ε4 genotype negative.
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cross-sectional association between global Pc and episodic/relational
memory (β =−0.16, p = 0.04), independent of the effects of age, sex, years of
education, mean FD and number of brain nodes. Lower functional segre-
gation (higher Pc) was associated with worse memory (Fig. 4a). The effect
was observed for the segregation of the DMN, with a significant negative
relationship with episodic/relational memory (β =−0.19, p = 0.03, Fig. 4b).
There were no significant differences in these relationships between APOE
ε4 carriers and non-carriers (see SI).

Longitudinal effects of the APOE genotype on network segre-
gation in the PREVENT cohort
We asked whether longitudinal changes in global and DMN segregation
were associated with APOE ε4 allele carriership. Time × APOE ε4 interac-
tion for global Pc did not reach significance (Table 5, Fig. 5a). We found a
significant interaction of time × APOE ε4 for DMN Pc (β = 0.10, p = 0.03,
Table 5). Paired t-tests showed that only APOE ε4 carriers had a significant
increase in DMN Pc (loss of network segregation) over 2 years (t =−2.38,
p = 0.02), with APOE ε4 non-carriers showing no significant longitudinal

change (Fig. 5b). Note that global Pc showed a similar trend, even if not
significant (Fig. 5a). Longitudinally, there was no significant association
between changes in episodic/relational memory over the 2 years and
changes in either global Pc or DMN Pc.

Discussion
Functional segregation of brain networks has recently emerged as a key
marker of brain health. It remains unknown whether network segregation
shows early modifications in midlife individuals with inherited risk of late-
life Alzheimer’s disease, and thus whether it can serve as a biomarker of
preclinical AD in at-risk individuals. To address this question, in the first
instance, we investigated which brain networks show the strongest age-
related loss of segregation, in the large-scale Cam-CAN lifespan cohort
(18–88 years, N = 652). The three higher-order networks that showed the
most significant age-related decline were the FPN, SN and DMN. Subse-
quently, we investigated in these three age-vulnerable associative networks,
whether APOE ε4 genotype impacts network segregation in the cognitively
healthy PREVENT cohort (40–59 years, N = 210). The DMN was of

Fig. 3 | Cross-sectional associations between
APOE ε4 allele and participation coefficient (Pc)
of functional brain networks in the PREVENT
cohort (N= 54 carriers and N= 99 non-carriers).
Brain nodes of 10 predefined networks retained for a
sample participant were displayed in a 3D glass
brain (left panel) for visualization purposes only.
Coloured lines represent the functional connectivity
within particular networks (e.g., red for DMN) and
grey lines represent the between network functional
connectivity. aAPOE ε4 carriers had lower global Pc
(higher segregation) relative to non-carriers. Global
Pc was residuals adjusted for age, sex, head motion
and number of brain nodes. b APOE ε4 carriers had
lower Pc (higher segregation) of the default mode
network (DMN) relative to non-carriers. The error
bars represent the mean ± standard error of the
mean for each group. FPN frontal-parietal control,
DMN default mode, SN salience, VIS visual, SM
somatomotor, VAN ventral attention, AUD audi-
tory, DAN dorsal attention, CON cingulo-opercular
control. *p < 0.05, FWE corrected.

Table 4 | Associations between age and the main genetic risk factor APOE ε4 allele with global participation coefficient (Pc) in
the PREVENT cohort at baseline

Dependent variables Independent variables β 95% CI t p

Global Pc APOE ε4 −0.18 [−0.34, −0.02] −2.26 0.03

Age 0.02 [−0.13, 0.17] 0.28 0.78

Sex −0.14 [−0.31, 0.02] −1.74 0.08

Mean FD 0.28 [0.12, 0.43] 3.61 0.0004

No. of brain nodes 0.17 [0.02, 0.32] 2.21 0.03

Standard coefficient β was reported.
CI confidence interval, FD framewise displacement.
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particular interest for follow-up in individualswith inherited risk for late-life
AD, given previous findings of DMN changes in early clinical Alzheimer’s
pathology36,37,44–46.

The main novel finding of this study was that cognitively healthy
APOE ε4 carriers had higher segregation cross-sectionally across the
brain, accompanied by decline of segregation longitudinally over two
years, relative to non-carriers, in the DMN. Higher segregation of the
DMN was also associated with better episodic and relational memory
cross-sectionally across the PREVENT cohort. These results were sup-
ported by validation analyses using an independent brain atlas. Although
the direction of the cross-sectional effect was contrary to our prediction,
it aligns with other findings for APOE ε4 carriers in midlife cohorts,
including stronger cognition8,47–49, cerebral hyperperfusion50–52, and
hyperconnectivity within the DMN53,54, relative to non-carriers. Fur-
thermore, Koelewijn et al.55 found significantly higher functional con-
nectivity of brain networks as measured with MEG, particularly in the
DMN, in young APOE ɛ4 carriers (age: 24.5 ± 5.4 years) compared to
age-matched non-carriers55, but significantly reduced functional con-
nectivity in clinical AD patients (age: 67–89 years) compared to age-
matched healthy controls56. These results are consistent with the antag-
onistic pleiotropy hypothesis of aging57, which proposes that deleterious

genes, such as the APOE ε4 gene allele, have survived through evolution
because they might confer an advantage early in life, when humans are
reproductively fit.

To the best of our knowledge, this is thefirst study to showaprominent
decline in functional segregation of the DMN longitudinally in cognitively
healthy individuals at risk for late-onset AD in midlife. This advances
previous literature, showing a greater age-related segregation loss in older
adultsAPOE ε4 carriers (58–79 years) compared to non-carriers27, and, that
inolder adults (> 65years), age-related loss of network segregationpredicted
dementia severity21. Several inter-related brain mechanisms may underlie
this age- and genetic risk-related de-segregation, including degradation of
white matter integrity58, vascular disease leading to weaker long-range
connectivity58, and dopaminergic decline59. Our findings significantly
advance this literature, by demonstrating that inherited risk of late life AD is
associated with longitudinal loss of segregation in the DMN, in cognitively
healthy individuals, on average 23 years before the onset of dementia
symptoms, based on the parental age at the onset of dementia symptoms in
this cohort. In summary, the convergence on the DMN as the second most
vulnerable network to age-related segregation loss (in Cam-CAN) and the
brain network to show a longitudinal effect of APOE ε4 genotype (in
PREVENT), provides strong evidence that, from midlife, the functional

Table 5 | Longitudinal changes (over 2 years) in global and default model network (DMN) participation coefficient in relation to
apolipoprotein ε4 (APOE ε4) allele in the PREVENT cohort

Dependent variables Independent variables β 95% CI t p

Global Pc Time 0.09 [−0.01, 0.19] 1.68 0.09

APOE ε4 −0.19 [−0.33, −0.05] −2.57 0.01

Time × APOEε4 0.04 [−0.06, 0.14] 0.84 0.40

Age at baseline 0.07 [−0.06, 0.21] 1.02 0.31

Sex −0.08 [−0.23, 0.08] −0.99 0.33

Mean FD 0.27 [0.14, 0.40] 3.99 <0.001

No. of brain nodes 0.20 [0.08, 0.33] 3.26 0.001

DMN Pc Time 0.01 [−0.08, 0.10] 0.22 0.82

APOE ε4 −0.16 [−0.29, −0.02] −2.17 0.03

Time × APOEε4 0.10 [0.01, 0.19] 2.16 0.03

Age at baseline −0.001 [−0.14, 0.13] −0.02 0.99

Sex −0.10 [−0.25, 0.06] −1.23 0.22

Mean FD 0.35 [0.23, 0.48] 5.40 <0.001

No. of brain nodes −0.16 [−0.28, −0.04] −2.69 0.01

Standard coefficient β was reported.
CIconfidence interval, FD framewise displacement.

Fig. 4 | Cross-sectional relationships between
participation coefficient (Pc) and cognitive per-
formance in the PREVENT cohort (N= 155,
including two participants for whom APOE gen-
otyping information was unavailable). aGlobal Pc
and b DMN Pc on the y-axis were adjusted for age,
sex, years of education, head motion and number of
brain nodes. Higher Pc values indicate reduced
network segregation.
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architecture of the DMN is vulnerable to aging and genetic risk of late-
life AD.

In contrast to the longitudinal decline in functional segregation of the
DMN, episodic memory did not show significant decline over the 2-year
follow-upperiod in this cognitively healthymidlife cohort. This dissociation
suggests that alterations in functional network segregation may precede
detectable cognitive decline, supporting the view that segregation loss
represents an early neural vulnerability marker rather than a con-
temporaneous correlate of cognitive change. It is also possible that the
relatively short interval (2 years) between assessments limited our ability to
capture subtle or emerging cognitive changes at this preclinical stage, when
cognitive performance is largely preserved.

We further found that this earliest genetic risk signature on the
midlife brain is not a system-wide topological decline, as reflected by
preserved global efficiency and modularity, but a more localized altera-
tion in the connectivity profile of DMN nodes. This nuanced change in
the DMN may reflect a period of functional compensation that precedes
the system-level dedifferentiation observed in later stages of Alzheimer’s
disease26.

We additionally observed a trend-level sex effect on global participa-
tion coefficient in the PREVENT cohort (Table 4), with females exhibiting
higher functional segregation relative to males at baseline. Although this
effect did not reach statistical significance in the present sample, it suggests a
potential sex-related difference in large-scale network organization during
midlife. Given the established sex differences inAlzheimer’s disease risk and
trajectory, this finding warrants further longitudinal investigation in the
larger PREVENT cohort (N = 700) which is currently in the visit 3 testing
phase. Future studies from this cohort will be key for establishing whether
sex moderates the relationship between functional segregation, genetic risk,
and longitudinal cognitive outcomes.

Greater network segregation in the DMN was significantly associated
with better episodic and relationalmemory. TheDMNhas been recognized
for its critical role in episodic memory60, and our findings further suggest
that maintaining functional segregation of the DMN may be crucial for
protecting episodic memory from midlife. Taken together, these results
suggest an impact of the genetic risk for late-life sporadic AD on loss of
functional segregation across the brain and in theDMN, as well as a role for
segregation loss in the DMN as a mechanism for incipient impairment of
episodic memory, from midlife. Thus, they highlight the importance of
studying the origins ofAlzheimer’s disease in this age group, an estimated 23
years from typical symptoms onset.

Methodological considerations
We did not find a significant association between longitudinal change in
network segregation and change in cognition over two years, whichmay be
due to the relatively short follow-upperiod. Future studies from the ongoing
third testing waves (8 years post baseline, respectively) of the PREVENT
cohort will determine the longitudinal impact of inherited AD risk on the
cognitive trajectories and their relationship to changes in network segre-
gation.The results of thepresent studywere controlled for a small significant
effect of sex on global network segregation, with females showing higher
network segregation thanmales in the Cam-CAN cohort, independent of a
second-order polynomial expansion of age. Presently, there is a dearth of
knowledge on sex differences in network segregation. This finding high-
lights the importance of taking into consideration in future studies sex
differences in network segregation, which may help to explain sex differ-
ences in the prevalence and progression of Alzheimer’s disease. The study
population are mainly (95%) of white Caucasian ethnicity, not dissimilar to
the historic ethnic mix of older people in the UK and Ireland, which limits
generalizability of findings beyond individuals of European ancestry.

Fig. 5 | Longitudinal associations between APOE
ε4 allele and participation coefficient (Pc) of
functional brain networks over 2 years in the
PREVENT cohort (N= 45 carriers and N= 78
non-carriers). a No significant change in global Pc
for either group. b APOE ε4 carriers only showed
significantly increased Pc (decreased segregation) of
the default mode network (DMN). Pc was adjusted
for effects of age, sex, head motion and number of
brain nodes. *p < 0.05. The error bars represent the
mean ± standard error of the mean for each group.
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Conclusion
In conclusion, this study provides evidence for selective vulnerability of
specific associative brain networks in healthy ageing and in midlife indivi-
duals with inherited risk for late-onset AD. Results suggest an early impact
of the genetic risk for late-life sporadic AD on loss of functional segregation
across the brain, and in the DMN, as well as role for segregation loss in the
DMN as a mechanism for incipient impairment of episodic memory, from
midlife. Thus, they suggest that functional segregation serves as a potential
biomarker, and provides valuable insights into the underlying mechanisms
through whichAPOE influences brain function and cognition from healthy
midlife years. Furthermore, these suggest that functional network archi-
tecture changes can serve as an earlier and complementary indicator of
vulnerability to late-life AD risk, relative to cerebral spinal fluid (CSF)61,62

and blood-based biomarkers63,64—potentially identifying at-risk individuals
long before conventional pathological changes can be measured in the
prodromal disease stages.

Methods
Participants
Healthy adult lifespan in Cam-CAN. The healthy lifespan cohort was
drawn from the Cam-CAN research programme (http://www.cam-can.
org/), a large-scale collaborative research project aimed at elucidating the
neurocognitive mechanisms that underpin healthy cognitive ageing. A
detailed protocol has been described elsewhere65. Ethical approval was
obtained from the Cambridgeshire 2 (now East of England-Cambridge
Central) Research Ethics Committee, and informed consent was
obtained from all participants prior to assessments and imaging. All
ethical regulations relevant to human research participants were fol-
lowed. The cohort consisted of healthy volunteers aged 18–88 years. Data
collected in the second phase of this project were examined in the present
study. 652 participants (322 male; 330 female) underwent structural and
resting-state fMRI scans.

Middle-aged adults at risk of AD in PREVENT Dementia research
programme. The PREVENT Dementia programme is an ongoing
longitudinal study investigating the origins and early diagnosis of
dementia in midlife at-risk individuals66. The data used in this study
represent the first phase of the programme (N = 210), collected at the
West London National Health Service (NHS) Trust, of the UK
National Health Service. Procedures involving experiments on human
subjects were carried out in accord with the ethical standards of the
Institutional Review Board of Imperial College London and in accord
with the Helsinki Declaration of 1975. Approval for the study was
granted by the NHS Research Ethics Committee London Camberwell
St Giles. Consented participants were seen at the West London NHS
Trust, where they underwent a range of clinical and cognitive

assessments67. All ethical regulations relevant to human research
participants were followed. The cohort comprised cognitively healthy
volunteers aged 40–59 years tested at baseline and 24 months follow-
up with the same protocol.

210 individuals (62 male; 148 female) were tested at baseline, with 188
(89.5%) (55 male; 133 female) retained at 2 years follow-up. At baseline, 17
participants were excluded due to lack of participation or contraindications
to MRI, 6 due to incidental findings, 24 due to inadequate brain coverage
(for details please see the following section on the functional brain network
construction), 8 due to large head motion (mean framewise displacement
>0.4, for details please see the following section), and 2 due tomissingAPOE
genotype information. At follow-up, 19 participants were excluded due to
decline or contraindications to MRI, 3 due to incidental findings, 5 due to
inadequate brain coverage, 10 due to large head motion, and 2 due to
missingAPOE genotype information. Therefore, the dataset for the baseline
session was N = 153, and the dataset for the follow-up session was N = 149
(Figs. 6 and 7c).

Cognitive assessments and risk factors
The Cam-CAN cohort
Cognitive assessment. Cognitive ability was assessed using two measures:
fluid intelligenceandepisodicmemory. Fluid intelligencewas assessedusing
the Cattell Culture Fair Test of Fluid Intelligence, which consists of four
subtests68. To combine this into a single measure, the first principal com-
ponent across the four subtests was extracted. Episodic memory was
assessed using the immediate recall, delayed recall and delayed recognition
scores from the Wechsler Logical Memory Task69. Similarly, the first prin-
cipal component of these three scores was used to derive a single memory
score for each participant.

The PREVENT cohort
Cognitive assessment. Cognitive function was assessed at baseline and
follow-up using the COGNITO neuropsychological battery70, which is
designed to examine information processing across a wide range of
cognitive functions in adults of all ages. Additionally, we used theVisual
Short-Term Memory Binding Task (VSTMBT), which is sensitive to
detecting changes in the pre-symptomatic stages of AD71. In total, 13
measures were derived to capture multiple cognitive functions (see SI
for details). In previously published work47,72 we used rotated principal
component analysis (rPCA) to cluster these measures into three cog-
nitive components (Supplementary Fig. 4) to boost signal-to-noise ratio
and reduce the number of multiple comparisons73. Analyses with
independent subsets of the PREVENT cohorts showed replicably that
episodic and relational memory was the top domain of cognitive
variability in this age group72, and we use this cognitive domain for
analyses in this study.

Fig. 6 | Participant exclusions for fMRI data ana-
lyses of the PREVENT cohort. FOV field of view,
FD framewise displacement.
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APOE genotyping. The process ofAPOE ε4 allele identification is outlined
in detail in Ritchie et al.8. In brief, genomic DNA was isolated from blood
samples, and APOE genotyping was performed. All members of the
research and clinical teams were blind to the result of APOE genotyping.
In this study, APOE ε4 risk was determined by ≥1 APOE ε4 allele. 54/
153 ≥ 1 APOE ε4 allele (Table 3). The prevalence of APOE ε2ε4 in our
cohort is 0.02% (Supplementary Fig. 5). Additional analyses showed that

our main findings were not confounded by the inclusion of APOE ε2ε4
carriers (see SI).

MRI data acquisition and pre-processing
TheCam-CANcohort. Imaging datawere collected at a single site (MRI-
CBU in Cambridge) using a 3 T Siemens TIM Trio scanner with a 32-
channel head coil. Full descriptions of the MRI protocols have been
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described elsewhere74. Resting state fMRI datawere acquired using aT2*-
weighted echo planar imaging (EPI) sequence with participants resting
with their eyes closed. 261 volumes were acquired, and each volume
contained 32 axial slices (in descending order) with a slice thickness of
3.7 mm and an interslice gap of 20% [repetition time (TR) = 1970 ms,
echo time (TE) = 30 ms, flip angle (FA) = 78°, field of view (FOV) = 192 ×
192 mm2, voxel size = 3 mm × 3mm × 4.44 mm]. A 3D T1-weighted
magnetization prepared rapid gradient-echo image (MPRAGE, TR =
2250 ms, TE = 2.99 ms, FA = 9°, FOV = 256mm × 240 mm × 192mm,
voxel size = 1 mm3 isotropic) was also acquired.

Resting-state fMRI data were preprocessed (Fig. 7a) by the Cam-CAN
group using a standard preprocessing pipeline with statistical parametric
mapping (SPM12, https://www.fil.ion.ucl.ac.uk/spm/software/spm12/) and
automatic analysis (AA) software75. Details of the pipeline are described in
Taylor et al.74. Briefly, raw fMRI datawere unwarped usingfieldmap images
for distortion correction due to magnetic field inhomogeneities, realigned
for motion correction, and corrected for slice timing. Functional images
were then coregistered with T1 structural images and normalised to Mon-
treal Neurological Institute (MNI) standard space via a sample-derived (less
age-biased) average using normalisation parameters derived from the Dif-
feomorphic Anatomical Registration through Exponentiated Lie Algebra
(DARTEL) procedure76. To further account for the effects of headmotion, a
wavelet despiking method was applied to remove motion artefacts77.

For modelling each individual’s fMRI timeseries, we applied a general
linear model (GLM) including 24 headmotion parameters, as well as white
matter (WM) and cerebrospinal fluid (CSF) signals, to capture some of the
residual effects of head motion and other noise sources. The 24 parameters
included six original rigid-bodymotionparameters, thefirst-order temporal
derivatives of these six parameters, and 12 quadratic terms of the original
motion parameters and their derivatives78. Finally, high-pass temporal fil-
tering (Gaussian-weighted least-squares straight linefitting,with a cut-off of
100 s) was applied to remove low-frequency artefacts79.

To further adjust for motion confounds, we calculated frame-wise
displacement (FD)motion parameters80 as the sumof the absolute values of
the differences in realignment estimates across successive time points (see SI
for full descriptions and the formula), and added the averaged FD across
time points as a covariate in the group-level GLMs to capture additional
subject-specific motion.

Morphometric brainmeasures were derived from the T1 images using
the Mindboggle pipeline81. Grey matter volume (GMV) of 34 brain regions
per hemisphere based on the Desikan-Killiany atlas82 was extracted using
the underlying Freesurfer processing pipeline83. The mean GMV of these
cortical areas was used in this study to represent the structural integrity.
Total intracranial volume (TIV) was estimated by SPM12 as the sum of
volumes of gray-matter, white-matter and CSF segments.

The PREVENT cohort. Imaging data were obtained as part of a multi-
modal examinations in a 3 T Siemens Verio MRI scanner and with 32-
channel head coil (https://preventdementia.co.uk/for-researchers/).
Resting-state fMRI data were acquired with T2*-weighted EPI sequence.
330 volumes were acquired, and each volume contained 35 slices
(interleaved acquisition), with slice thickness of 3 mm (TR = 2000 ms,
TE = 30 ms, FA = 80°, FOV = 192 × 192 mm2, voxel size = 3 mm3

isotropic). A 3D T1-weighted MPRAGE image (160 slices, voxel size =
1 mm3 isotropic, TR = 2300 ms, TE = 2.98 ms, FOV = 240 × 256mm2, FA
= 9°) was also acquired. All scans were repeated after approximately 2
years on the same scanner using the same protocol.

Standard preprocessing procedures (Fig. 7a) for resting-state fMRI
data were performed with SPM12 and AA software75 implemented in
MATLAB R2019a (The MathWorks, United States). This included slice
timing correction, motion correction, co-registration of functional and
structural images, normalization into standard MNI space, and spatial
smoothing. Spatial normalization was performed using SPM12’s segment-
and-normalize procedure, whereby the T1 structural was segmented into
GM, WM and CSF and normalized to a segmented MNI-152 template.
Thesenormalizationparameterswere thenapplied to all EPIs.Thequalityof
spatial normalization was visually inspected for each participant and no
participants showed a normalization failure. The data were then smoothed
with a Gaussian kernel of 6mm full width at half maximum and were
temporally band-passfiltered (0.01–0.08 Hz) to remove low-frequency drift
and high-frequency physiological noise84,85. Finally, to reduce any residual
effects of headmovement and physiological noise, a GLMwas applied with
the 24 head movement parameters, as well as WM and CSF signals men-
tioned above included as covariates78. In addition, mean FD was calculated
and regressed in the group level analyses80. To further control for large head
motion at the individual level, we excludedparticipantswithmeanFD > 0.4,
based on the commonly used cut-off of 0.2–0.5mm80,86–89. This threshold
was selected to balance data quality and sample size. Themainfindingswere
robust to different cutoffs (see SI).

Morphometric brainmeasures, including total greymatter volume and
intracranial volume, were derived from the T1 images using Freesurfer
version 7.1.090.

Note that the preprocessing pipelines differed in places between the
two cohorts (Fig. 7a), but since we do not directly compare results across
cohorts, we do not expect this difference to impact our conclusions. To test
this, a harmonized preprocessing pipeline was applied to both cohorts, and
the results demonstrate that the main findings are robust and reproducible
across different preprocessing strategies (see SI).

Resting-state fMRI data analyses
Functional brain network construction. A graph-theoretic framework
was adopted to guide analyses of the functional organisation of brain
networks using resting-state fMRI data.

Node definition. 214 brain nodes (spherical, 5 mm diameter) were
defined based on a previously published functional system map43 com-
prising 10 functional brain networks: SM1 (sensorimotor hand), SM2
(sensorimotor mouth), visual (VIS), auditory (AUD), default mode
(DMN), frontal-parietal control (FPN), cingulo-opercular control
(CON), ventral attention (VAN), dorsal attention (DAN) and salience
network (SN). The timeseries for an ROI was created by averaging the
timeseries for every voxel within that ROI.

The resting-state fMRI data from the PREVENT cohort did not have
sufficient field of view (FOV) to cover the whole brain in all participants,
resulting in the exclusion of some brain nodes in this atlas. To overcome
these limitations, we excluded different sets of brain nodes based on

Fig. 7 | Schematic of the study design. a Standard preprocessing steps were per-
formed separately for the Cam-CAN and PREVENT cohorts. b Two brain parcel-
lation schemes were adopted to define nodes: the brain atlas of 10 networks (214
brain nodes) byPower et al. (2011) and the coarser brain atlas of 7 networks (33 brain
nodes) by Raichle (2011). Results from the Power atlas are reported in the main text
for both cohorts. Due to inadequate field of view (FOV) in some participants in the
PREVENT cohort, some nodes were dropped and the Raichle atlas was used to
corroborate the main results. c Several criteria were applied to exclude the inap-
propriate data for the network analyses. d Time courses were extracted based on the
predefined brain nodes and correlated to create functional connectivity (FC)

matrices using Pearson correlation (r). Proportional thresholds were applied to the
FC matrix to generate a sparse matrix for calculating the participation coefficient
(Pc) to describe functional segregation. The mock graph illustrates two different
networks in red and blue. The node (in red) with lower Pc exhibits strong connec-
tions onlywithin its belonging network (edges in red), but no connection to the other
network (in blue). By contrast, the node (in purple) with higher Pc exhibits similar
connectivity to both networks. Networks whose nodes have low average Pc therefore
have higher functional segregation. VN visual, AN auditory, DMN default mode,
FPN frontal-parietal control, SN salience, VAN ventral attention, DAN dorsal
attention, CON cingulo-opercular control, ECN executive control.
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participants’ specific FOV and constructed individualised brain networks
(Fig. 7b, see also SI for details). To mitigate potential biases arising from
differential node coverage, we conducted validation analyses using: the
Raichle atlas, which kept the number of nodes the same for all participants;
and the normalised Pc, which accounted for the specific modular archi-
tecture of each individual’s network. This ensured that our findings
regarding Pc were robust and not confounded by differences in brain cov-
erage (see SI).

To ensure that participants with poor brain coverage did not bias the
network analyses, we excluded participants with less than 80% of the ori-
ginal 214 brain nodes. This threshold was chosen to retain a relatively good
number of brain nodes and a satisfactory number of participants to ensure
statistical power. The number of retained brain nodes was also included as a
covariate in the statistical models to further account for its effect.

Edgedefinition. Functional connectivity (FC) between pairs of predefined
brain nodes was obtained by calculating the Pearson correlation coefficient
r of the denoised fMRI time courses derived from these nodes91, forming
the FC matrix (Fig. 7d). The r value was then transformed to z value using
Fisher’s transformation to improve normality for further statistical ana-
lysis. To avoid the formation of artificial anticorrelations, we did not
perform a global signal regression92,93. Negative connectivity was removed
due to its ambiguous meaning93,94. The main results remained consistent
when we defined edges using mutual information95, which captures both
linear and nonlinear dependencies and is less sensitive to the presence or
absence of global signal regression (see SI).

Thresholding the FC matrix to form a sparse matrix is important to
remove spurious connections96. FC matrices were therefore thresholded
from 5% to 50% connection density with a 5% interval, as graphs become
more random above a threshold of 50%97. The area under the curve (AUC)
for the graph theoretical measure across all thresholds was calculated to
provide a scalar that does not depend on a specific threshold selection98,99.

Participation coefficient
A localised measure called the “participation coefficient” (Pc)10,100 was used
to measure network segregation. The use of the participation coefficient is
grounded in its established interpretation as a network-level index of
functional segregation when averaged within predefined modules. We
explicitly defined segregation as the extent to which nodes within a network
preferentially connect to each other rather than to nodes in other networks.
Under this definition, increased Pc at the network or global level reflects
reduced segregation, whereas lower Pc reflects stronger network segrega-
tion. The Pc of a brain node represents the distribution of its connections
across separate networks101,102, defined as:

Pi ¼ 1-
X

m2M
kwi mð Þ
kwi

� �2

;

where m is a network in a set of networks M, kwi mð Þ are the weighted
connections of node i with all nodes in network m and kwi is the total
weighted connections involving node i. A value of Pi close to 0 indicates that
most of node i’s connections are restricted to its own network, whereas a
value close to 1 indicates that node i’s connections are more equally dis-
tributed among different networks (Fig. 7d). To quantify the segregation of
individual networks,we averagedPi across brainnodes thatwere assigned to
the same network. The average Pi of nodes across the whole brain was used
to quantify global network segregation10,100.

Additional metrics
Twoother globalmetrics—global efficiency103 andmodularity104—were also
investigated to test whether the global network topology remains largely
intact in at-risk individuals atmidlife (see SI).Additionally, raw connectivity
strength—globalmean functional connectivity (mean FC)—was assessed in
relation to risk in order to isolate any potential effects of risk on Pc
values (see SI).

Statistics and reproducibility
The Cam-CAN cohort. All statistical analyses were performed using the
R software. All regressors in the linear models were Z-scored. First, we
examined the relationship between global network segregation and a
second-order polynomial expansion of age using multiple regression,
with sex and mean FD as covariates of no interest (the latter to further
control for any residual effects of head motion in fMRI data). We also
performed second regression where we additionally controlled for GMV
and TIV, to test whether the segregation relates to age even beyond age-
related differences inGMatrophy. This approach controls for age-related
brain atrophy by accounting for individual brain size. Then we examined
the relationship between segregation and (1) fluid intelligence and (2)
episodic memory (see above). Initial models controlled for sex and FD,
followed by additional models incorporating age (including its second-
order effects) as a covariate. This approach allowed us to test whether
segregation relates to cognitive performance above and beyond age.
Finally, we investigated the linear and/or quadratic effect of age on
functional segregation of each network separately, with sex andmean FD
as covariates, in order to select networks that might be most sensitive to
AD risk in the PREVENT cohort. Multiple comparisons across the 10
individual networks were Bonferroni-corrected.

The PREVENT cohort. The normality of the data was assessed by
combining the visualization of a quantile–quantile plot and the
Shapiro–Wilk test. Demographic and clinical information of this study
cohort was analysed across risk groups, using χ2 tests for categorical
variables andMann–WhitneyU tests for continuous variables, given that
they were not normally distributed.

Cross-sectional effects. Baseline data were used to examine cross-
sectional effects. We first examined the effect of APOE ε4 genotype
using multiple regression, adjusting for age, sex, mean FD, as con-
founds, as well as the number of brain nodes (which differed across
participants for reasons given above, and might affect segregation
estimates). This was done on global Pc, as well as the individual net-
works identified as showing effects of age in the Cam-CAN cohort.
Multiple comparisons were Bonferroni-corrected for the number of
networks tested. For the global Pc, we also conducted another
regression model with GMV and TIV added as additional covariates.
Then, any networks that showed a significant effect of APOE ε4 was
further assessed in relation to cognitive performance, using the three
cognitive factors extracted from the COGNITO battery (see above).
Multiple comparisons were again Bonferroni-corrected for the num-
ber of networks tested.

Longitudinal effects. Those networks that showed cross-sectional seg-
regation differences related toAPOE ε4 genotype at baseline were further
assessed for longitudinal change over 2 years using amixed effectsmodel.
Specifically, time (a binary variable indicating baseline or follow-up),
APOE ε4 genotype and their interaction were included as predictors.
Covariates included mean FD and number of brain nodes at each time
point, age at baseline, sex, and participant as a random intercept. When a
significant time × risk interaction was identified, paired t-tests were
performed to determine which risk groups showed significant changes in
network Pc between baseline and follow-up. In addition, we examined
whether longitudinal changes in network segregation were related to
longitudinal changes in cognitive performance. In this mixed effect
model, cognition at both time points was the dependent variable, while
network Pc at both time points, the risk factor, and their interaction were
predictors, as well as the same covariates as above.

Validation analyses for both the Cam-CAN and the PREVENT
cohorts
Weused an alternative parcellation scheme (Fig. 7b) that included a smaller
number of key brain nodes (node = 33, spherical, 5 mm diameter) in 7
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predefined brain networks105 to validate our main findings. Specifically, for
the PREVENT cohort, by using this parcellation scheme, we were able to
retain all brain nodes and exclude participantswithout full coverage of these
nodes, leading to a different subset of participants compared to the main
analyses (based on the 80% node retention threshold in the Power atlas).

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

Data availability
Data are available to access through a data request on the study website
(www.preventdementia.co.uk); the ADDI platform (https://doi.org/10.
34688/PREVENTMAIN_BASELINE_700V1); Dementia Platforms UK;
and the Global Alzheimer’s Association Network. Numerical source data
underlying graphs in the manuscript can be found in supplementary data.

Code availability
The customcode reproducing all statistical tests, graphs, and tables reported
in the manuscript is publicly available in https://github.com/fengdeng315/
Segregation_risk_age. For code to reproduce neuroimaging preprocessing
and network construction, please contact Dr. Lorina Naci (nacil@tcd.ie).
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