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Altered functional connectivity precedes structural brain changes and
symptoms in dementia. Alzheimer’s disease is the largest contributor to
dementia at the population level, and disrupts functional connectivity

inthe brain’s default-mode network (DMN). We investigated whether a
neurobiological model of DMN effective connectivity could predict a future
dementia diagnosis at the single-participant level. We applied spectral
dynamic causal modeling to resting-state functional magnetic resonance
imaging datain a nested case-control group from the UK Biobank, including
81lundiagnosed individuals who developed dementia up to nine years
afterimaging, and 1,030 matched controls. Dysconnectivity predicted

both future dementiaincidence (AUC = 0.82) and time to diagnosis
(R=0.53), outperforming models based on brain structure and functional
connectivity. We also evaluated associations between DMN dysconnectivity
and major risk factors for dementia, revealing strong relationships with
polygenicrisk for Alzheimer’s disease and social isolation. Neurobiological
models of effective connectivity may facilitate early detection of dementia
at population level, supporting rational deployment of targeted dementia-
prevention strategies.

There is currently intense interest in identifying strategies to reduce
the growing population burden of dementia’. Clinical syndromes of
dementia are caused by multiple neuropathologies that typically co-
occur within individuals®. Alzheimer’s disease (AD) pathology is the
most important contributor to dementia at the population level, and
isassociated with distinct patterns of pathological protein deposition
andaltered neural function that precede the development of structural
brain changes and clinical symptoms by a period of years®. The ability
to reliably detect early changes in neural function associated with
AD would provide a platform for the development of individualized
dementia-prevention strategies.

Resting-state functional magnetic resonance imaging (rs-fMRI)
is increasingly used as a tool for characterizing connectomic bio-
markers in AD*. It measures endogenous fluctuations in blood-
oxygen-level-dependent (BOLD) signal across the brain—which in

turn reflect regional neural activation—while a participant lies in an
MRIscanner atrest. Amap of functional connectivity can be estimated
by computing correlations between BOLD time-series from different
brainregions’. When rs-fMRIis applied to people with AD, or its precur-
sor, mild cognitive impairment (MCI), there are substantial changes
in functional connectivity at the group level, when contrasted with
healthy controls®”. Similar changes have been identified in individu-
als who do not yet have MCl or AD but are considered high risk due
to genetic polymorphisms'® ™%, mutations for autosomal dominant
ADP", a family history of AD" or a high burden of pathogenic amyloid
and tau proteins”2°. Altered functional connectivity—measured with
rs-fMRI—is therefore widely considered a potential preclinical bio-
marker of AD?. However, it has not previously been shown to allow
single-participant level identification of future dementia risk in a
population-based cohort.
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Fig.1|Recruitment flowchart. Dementia cases and matched controls were selected from the UKB cohort. Once the final usable sample of dementia cases was
determined (N =103), matched controls were iteratively selected and screened to ensure they satisfied fMRI preprocessing criteria, until there were ten suitable

matched controls for each individual case (N =1,030).

The brain regions most commonly implicated in altered func-
tional connectivity in AD are those within the default-mode network
(DMN), whichis hypothesized to be selectively vulnerable to AD neuro-
pathology”. The DMNiis typically described as having a core set of brain
regions, whichincludes the medial prefrontal cortex (mPFC), posterior
cingulate cortex or precuneus, and bilateral inferior parietal cortices,
as well as a set of supplementary brain regions such as the medial
temporallobes and temporal poles”. The DMN was initially described
as anetwork of regions that co-activate during a task-negative state
in functional imaging studies®. In other words, these brain regions
seemtobe more active when a participantis at rest. However, research
shows that the DMN is implicated in several high-level cognitive pro-
cesses such as social cognition and mental time-travel”*, resulting
in a contemporary view that the DMN furnishes an individual with
their narrative sense of self*.

Although findings of altered functional connectivity in the DMN
have led to claims that dementiais a syndrome of dysconnectivity, the
exact connectivity changes observed are inconsistent across studies*?”,
and are occasionally undetectable®. Thisis perhaps due to methodo-
logical limitations associated with defining connectivity on the basis
of time-series correlations that overlook biophysical constraints and
the established neurobiology of neural circuit function. An alterna-
tive approach in connectomics is to fit a neurobiologically informed
circuitmodelto the functional neuroimaging datato characterize the
excitatory and inhibitory connections between different brain regions,
that is, effective connectivity”. Moving beyond correlations in brain
activity, effective connectivity describes the causal influence of one
brain region over another, by modeling the underlying neural signals
that generated the observed data.

Correlations in BOLD activity among brain regions in a network
canbeexplained by anenormous number of possible underlying neural
circuitries. With dynamic causal modeling (DCM), multiple putative
circuit models of effective connectivity can be compared witheach other
using model comparison procedures, and the best explanation for the
observed dataisidentified. Thus, effective connectivity providesamore
nuanced descriptionof neural connectivity andis likely to detect features
that would otherwise be missed when mapping functional connectivity
derived from observed BOLD signal. These connectomic subtleties,
effective connectivity parameters, are likely to afford discriminative
and predictive clinical value, for individualized precision medicine,
overand above the correlations measured in functional connectivity™.

In neurodegeneration and ageing, neural connections and neu-
rovascular coupling are both impacted®, and here DCM becomes

particularly useful. As functional connectivity is a multiplexed signal of
neural, haemodynamics and noise components, any observed changes
in functional connectivity do not differentiate between changes in
neural circuitry, haemodynamics or both. DCM, on the other hand,
models the neural, haemodynamics and noise components of BOLD
separately. Effective connectivity mapping with DCM hasbeenused to
successfully discriminate between people with semantic dementiaand
healthy controls®, and also to predict which people with Parkinson’s
disease are likely to experience hallucinations®. A small number of
studies have estimated effective connectivity differences between
people with AD or MCI, and healthy controls***°,and have also detected
differencesin small samples of undiagnosed individuals at high-risk for
AD***!, However, to the best of our knowledge, there has been nowork
on the potential for effective connectivity to make predictions about
dementiaincidence at single-participant level.

Hereweinvestigated whether effective connectivity changesin the
DMN can be used to make early predictions about dementiaincidence
and prognosis in a population cohort. To that end we constructed a
nested case-control study using the UK Biobank (UKB) cohort, among
whichasamplehavedevelopedincident dementiainthe yearssince neu-
roimaging dataacquisition. To ensure that the analysis was ecological
and reflected the range of dementia pathologies within the popula-
tion, we used all-cause dementia outcomes rather than restricting
the analysis to those with Alzheimer’s disease. We analyzed rs-fMRI
data fromindividuals who developed dementia and alarge sample of
matched controls. We applied spectral DCM*°—a technique that fits
generative neural and haemodynamic models to the cross-spectra of
BOLD time-series from rs-fMRI data—to estimate effective connec-
tivity. We predicted that there would be detectable differences in
DMN effective connectivity years before people were diagnosed
with dementia, and that these differences would be large enough to
make meaningful out-of-sample predictions about future dementiainci-
dence. We also predicted that these early patterns of dysconnectivity
would be associated with exposure to knownrisk factors, particularly
polygenic risk for AD as the key driver of AD pathological change,
and social isolation due to the role of the DMN in social cognition®.

Results

After exclusions forimage quality and excessive in-scanner head motion
(see Methods), our final usable sample included 103 dementia cases
(22 individuals with prevalent dementia and 81 who later developed
incident dementia) and 1,030 matched controls (see Fig. 1). The 81inci-
dent caseshad amedian time to diagnosis of 3.7 years (range = 0.4-8.5).
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Fig. 2| Graphical summary of the analysis pipeline. a, Ten ROIs were used

to define the default-mode network. There are four mid-line ROIs shown in

the sagittal section (top left), two medial temporal ROIs shown in the coronal
section (top middle), and four lateral temporal and parietal ROIs shownin the
axial section (top right). For each participant, voxels were only selected within
the sphere if supra-threshold activation was detected. Lighter shades of blue
indicate voxels that were selected more frequently across participants. BOLD
time-series were extracted from each of the ten ROls. A spectral DCM was fitted
to these BOLD time-series data. The DCM optimizes effective connectivity
parameters to find the best explanation for the observed BOLD time-series in
terms of excitatory (purple) and inhibitory (gray) neural connections, as well
as altered blood flow that would be expected to result from this neural activity.
Each participant’s effective connectivity (EC) pattern is estimated separately
andis represented asa10 x 10 EC matrix, where each cell in the matrix shows

the magnitude and valence (excitatory or inhibitory) of a connection between a
pair of ROIs. b, Bayesianmodel reduction is applied to the EC matrix to eliminate
unnecessary parameters and find the most parsimonious model to explain the
observed data, at the group level. The resulting sparse EC patterns are used

to train regularized logistic regression models to predict dementiaincidence
using nested cross-validation. A single participant (or random subgroup) is left
outof the analysis as a test set, highlighted in green. All remaining participants
constitute a training set. The hyperparameters of the regression model are
optimized on this training set with new nested test and train sets within the outer
training set. Once optimal hyperparameters are selected, the optimized model
is trained on the full outer training set and tested on the original left-out sample.
This procedure isiterated such that every participant (or subgroup) is used once
asatestset.

Thetotal sample had amean age of 70.4 at the time of MRI data acquisi-
tion. Cases and controls were matched on age, sex, ethnicity, handed-
ness and geographical location of the testing center (see Extended
Data Table 1for sample characteristics). Cases performed worse than
controls in four cognitive tests, which were analyzed as part of this
study (see Methods and Supplementary Table 3). Although most of
our case-sample were prediagnostic, their lower cognitive test scores
might reflect objective evidence of cognitive decline. Alternatively,
these results might reflect areduced cognitive reserve in this sample.

The analysis pipeline is illustrated in Fig. 2. For each participant,
BOLD time-series were extracted from ten pre-defined regions-of-
interest (ROIs), which together defined our DMN. The networkincluded
four mid-line ROIs: the precuneus (PRC), anterior medial prefrontal
cortex (amPFC), dorsomedial prefrontal cortex (dmPFC) and ventro-
medial prefrontal cortex (vmPFC); one ROl in each medial temporal
lobe, in the left and right parahippocampal formations (IPHF/rPHF);
and four lateral ROISs, the right intraparietal cortex (rIPC), left intra-
parietal cortex (IIPC), right lateral temporal cortex (rLTC) and left
lateral temporal cortex (ILTC). See Methods for further details on
these ROIs.

A fully connected DCM was fitted to the cross-spectra of these
time-series data (spectral DCM) to estimate the effective connectivity
between each and every pair of ROIs in the ten-node network (Fig. 2a).

Effective connectivity predicts who will get dementia

Bayesian model reduction and averaging were applied (see Methods) to
estimate the simplest effective connectivity map to explaingroup-level
differences between dementia cases and controls (Fig. 3) while control-
ling for age, sex and in-scanner head motion. There was very strong
evidence (posterior probability > 0.99) for 15 connectivity parameters
that differed between cases and controls. The three largest connectivity
changes seeninthe dementiacases were:increasedinhibition fromthe
vmPFCtoIPHF, increased inhibition from IIPC to the IPHF, and attenu-
ated inhibition from the rPHF to the dmPFC.

These 15 connectivity parameters (Fig. 3b) were used to train an
elastic-net logistic regression model to predict future dementia diag-
nosisinstratified K-fold cross-validation. The model was trained on the
entire dataset, including prevalent cases who were already diagnosed
with dementia, but performance was evaluated exclusively on clas-
sification between prediagnostic cases and their matched controls.
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Fig.3 | Effective connectivity differences between cases and controls.

a, Bayesian model average of effective connectivity in healthy controls. Each
cell shows the effective connectivity (EC), in hertz, between a pair of regions.
Gray and purple colours indicate inhibitory and excitatory connections,
respectively. Cells along the diagonal represent auto-inhibitory connections,
as unitless scaling parameters. Only parameters with an at least 99% posterior
probability of being non-zero (amounting to a very strong evidence) are shown.
b, Bayesian model average of the difference in effective connectivity between
cases and controls. Gray indicates a change towards increased inhibition
(reduced excitation), whereas purple indicates a change towards increased
excitation (reduced inhibition). Only parameters with an at least 99% posterior
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probability of being non-zero are shown. ¢, Effective connectivity differences
between cases and controls visualized in Montreal Neurological Institute

(MNI) space. Each tube represents a connection change. Solid tubes represent
connections that are strengthened in cases compared with the controls; dashed
tubes represent connections that are attenuated in cases compared with the
controls; the thickness of the tube represents the magnitude of the connection
change; and the color of the tube represents the brain region from where the
connection originates. The top row and bottom rows show the same data but
from two different angles. The four columns display the following, respectively:
attenuated excitatory connections, strengthened excitatory connections,
attenuated inhibitory connections, strengthened inhibitory connections.

Using receiver-operating characteristic (ROC) analysis, we found
the model to have excellent discriminative performance (Fig. 4a)
with an area under the curve (AUC) of 0.824 (range = 0.79-0.843).
See Methods for further details on how the AUC was computed. As a
sensitivity analysis, a classifier was also trained on the full model of
100 effective connectivity parameters. This yielded a marginally
reduced AUC of 0.816 (range = 0.807-0.842).

Effective connectivity predicts time until dementia diagnosis

To assess the potential role of DMN effective connectivity in prognos-
tication, we ran an analysis that only used the case cohort. We used
Bayesianmodel reduction and averaging (see Methods) to estimate the
simplest effective connectivity map to explain the inter-individual vari-
ation associated with the time until dementia diagnosis while control-
ling for age, sex and in-scanner head motion. The time until diagnosis

was negatively valued for participants who already had a diagnosis
of dementia at the time of data acquisition. There was a very strong
evidence (posterior probability > 0.99) for 37 connectivity parameters
that were associated with the time until diagnosis (Fig. 5), including the
three connections, described above, that showed the largest difference
between cases and controls (Fig. 3).

These 37 connectivity parameters were used to trainan elastic-net
regularized linear regression model to predict time until diagnosis
in K-fold cross-validation. There was a positive correlation between
actual time until diagnosis and predicted time until diagnosis (Spear-
man’sp=0.53,P=2x107%). Asasensitivity analysis, alinear regression
modelwasalso trained on the fullmodel of 100 effective connectivity
parameters. This still yielded a positive correlation between the
actual and predicted times until diagnosis, but the effect was reduced
(Spearman’sp=0.36,P=19x107%).
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Fig. 4 | Performance of classification and prognostication models.

a,ROC curves for regularized logistic regression models trained on effective
connectivity parameters, gray matter volumes, functional connectivity or
cognitive scores to classify undiagnosed dementia cases from controls. AROC
curve is generated by taking the mean curve across all test-folds of cross-
validation. In each plot there are nine ROC curves because nine iterations of
stratified K-fold cross-validation were performed. The purple curves indicate

Actual years until diagnosis Actual years until diagnosis

theiteration that generated the median AUC acrossiterations. This median
AUCisindicated at the bottom right of the plot. b, Scatter-plots showing the
performances of regularized linear regression models trained on the same data
typesasina, to predict the time until dementia diagnosis across 102 dementia
cases (81undiagnosed and 21 with a pre-existing diagnosis). All statistical tests
are two-sided, and P=2 x 107® for the effective connectivity prognosticator
(left-most scatter-plot).

Comparisons with alternative metrics

To see how effective connectivity compares as a diagnostic and prog-
nostic tool with other MRI-based markers, we trained predictive models
using exactly the same methods as above, but using volumetric data
and functional connectivity data instead of effective connectivity
parameters.

We used 40 hippocampal and parahippocampal subsegmental
volumetric features for the volumetric-based models (see Methods).
Interestingly, we found that dementia-related change in effective
connectivity was negatively associated (R*=0.012, P= 0.0002) with the
mean volume across these subsegmental regions (see Methods).Inan
exploratory post-hoc analysis, we found that the three subsegmental
volumes with the strongest negative association with effective con-
nectivity change were: the left head of hippocampal CA3 (R*=0.014,
P=6.73x107%), left body of subiculum (R>=0.013, P=1.03 x107*)
and left anterior parahippocampal gyrus (R>=0.012, P=2.12x107%).
These findings suggest that the effective connectivity changes that we
observed probably reflect an AD-like pathology in which the earliest
volumelossisinthe medialtemporallobes, particularly the entorhinal
cortex. Despite the fact that effective connectivity change and volume
loss may reflect the same pathological process, the elastic-net logistic
regression classifier trained on volumetric data (Fig. 4a) yielded only
moderate diagnostic value with an AUC of 0.671 (range = 0.62-0.69).
The elastic-net linear regression prognosticator (Fig. 4b) performed
atchancelevel (Spearman’s p =-0.14, P= 0.17).

For the functional connectivity analysis, we computed Fisher
z-transformed Pearson coefficients between every pair of ROIs in the
same network that we used for the effective connectivity analysis. This
yielded 45 functional connectivity values (see Methods). The elastic-net
logistic regression classifier (Fig. 4a) performed at chance level with
anAUC of 0.491 (range = 0.478-0.517); the elastic-net linear regression
prognosticator (Fig. 4b) also performed at chance level (Spearman’s
p=0.02,P=0.88).

Giventhe considerable differencesin cognitive task databetween
cases and controls, we also tested whether cognitive data alone could
predictboth afuture dementia diagnosis and the time until diagnosis.
Theelastic-net logistic regression classifier (Fig. 4a) yielded moderate
performance withan AUC of 0.628 (range = 0.606-0.641). The elastic-
netlinear regression prognosticator (Fig. 4b) performed at chance level
(Spearman’s p=-0.17,P=0.08).

Comparingall four datatypes, effective connectivity parameters
yielded the best classification performance for predicting future
dementia diagnosis, and was the only data-type that yielded better-
than-chance prognostication (prediction of time until dementia
diagnosis).

Associations between risk factors and effective connectivity
Finally, we conducted an exploratory analysis toinvestigate whether the
effective connectivity changes might represent the effects of major risk
factors for dementia. We first defined an effective connectivity index
for each participant, which was simply the probability of dementia,
outputted by a case-control classifier trained on effective connectivity
parameters with leave-one-out cross-validation (see Methods). This
value summarizes the extent to which an individual’'s DMN effective
connectivity pattern conforms to a dementia-like phenotype rather
thanacontrol-like phenotype, where a value of lindicates adementia-
like pattern and a value of O indicates a control-like pattern.

For eachindividual, we then extracted data from UKB describing
the modifiable risk factors identified in the 2020 Lancet commission
ondementia’ (see Methods), as well as each participant’s AD polygenic
riskscore (PRS). For eachrisk factor, we ran aseparate weighted linear
regression model, across the entire cohort of cases and controls
(N=1,133), to measure the association between effective connectivity
index and that specific risk factor, controlling for age, sex and social
deprivation (Townsend) score (Fig. 6a and Supplementary Table 1).
After correcting for multiple comparisons, the AD PRS was strongly
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changes in effective connectivity, among cases, associated with alonger time
until diagnosis. Gray indicates a change towards increased inhibition (reduced
excitation), whereas purpleindicates a change towards increased excitation
(reduced inhibition). Only parameters with an at least 99% posterior probability
of being non-zero are shown. ¢, Effective connectivity changes. Visualization
follows the same format as Fig. 2¢, but with connectivity changes associated with
time until diagnosis, rather than differences between cases and controls.

associated with effective connectivity index (8= 0.053, P=3.7 x 107,
Prwk.corrected = 4.4 X 107™1), and this association was much stronger than
any association between effective connectivity index and amodifiable
risk factor (Fig. 6a). This corroborates the earlier finding of anegative
association between hippocampal and parahippocampal volume and
effective connectivity change, and suggests that these EC changes
probably represent Alzheimer’s pathology rather thanamore general
reflection of brain health.

We constructed a mediation model (Fig. 6b) to see whether
effective connectivity index mediated any of the relationship
between PRS and dementia incidence. By including the effective
connectivity index as a mediator, the direct path coefficient from
PRS to dementiaincidence was reduced from 0.5 (P=0.0007) to 0.45
(P=0.017). There was a significant indirect mediated path (= 0.07,
P<0.001), which explained away 10% of the association between PRS
and dementia incidence. These results indicate that DMN effective
connectivity partially mediates the role of genetic risk in dementia
pathogenesis.

For the modifiable risk factors, social isolation was the only vari-
able that showed a significant association with effective connectivity
index (8 =0.025,P=0.003, Pry.correctea = 0.028). This association dem-
onstrated that individuals with more self-reported social isolation
were more likely to have a ‘dementia-like’ pattern of DMN effective
connectivity. To see whether social isolation was simply an early sign
of cognitive impairment, we constructed a composite score of
cognitive ability (see Methods) and tested whether this was correlated
with socialisolation. These variables were not correlated (Spearman’s
p=0.05,P=0.11), consistent with social isolation being a cause rather
than a consequence of the dementia process.

We constructed a mediation model (Fig. 6b) to test whether
effective connectivity index might mediate the known association
between social isolation and dementia incidence. After accommo-
dating for a hypothesized mediating effect of effective connectivity
index, we detected a significant indirect path from social isolation
to dementia, mediated by effective connectivity index (P < 0.001).
Furthermore, an association between social isolation and dementia

Nature Mental Health


http://www.nature.com/natmentalhealth

Article

https://doi.org/10.1038/s44220-024-00259-5

a o1, b
0.08 | ° o
Dementia
. ] 0.45 (0.19)*
- oosl 0.053 0.072***
(0.008)***
_ * P<0.05
. } Ef'fectlve_ ) ** p<0.01
] ] } ] ] connectivity  *+ p <001
1111101 R 0.025 1.24
op— J l l (0.008)** 0.035 (0.19)™
® Prye <0.05
-0.02 ‘ ‘ ) ) ) . . | | | 1 L
S . S R I Social .
QQ\. R W 6 8T @ (O & e o isolation pemente
A ea“(\ R0 e TN «®
X S\ N XN
Q‘(\\\ P

Fig. 6 | Associations between DMN dysconnectivity and risk factors.

a, Standardized regression coefficients (8) from 12 different linear regression
models, testing for associations between PRS and 11 modifiable risk factors

for dementiaand DMN EC index. Each bar reflects the estimated coefficient
from aregression model across all N =1,133 participants, where age, sex and
social deprivation (Townsend) score were included as covariates of no-interest.
Error bars show standard error of the regression coefficients. Any regression
coefficients that are statistically significant after correcting for multiple

comparisons are labeled with a purple dot; Prye.corrected = 44 X 10 for PRS,
Prwe-corrected = 0.028 for social isolation. All statistical tests are two-sided. See
Supplementary Table 1for more detailed results. b, Results of two mediation
modelsindicating that there are significantindirect paths whereby EC index
mediates the association between social isolation and dementia and partially
mediates the association between polygenic risk score and dementia. Each path
islabeled with regression coefficient and standard error in brackets. All statistical
tests are two-sided.

incidence (P=0.037) was rendered non-significant (P= 0.07), after
accounting for this mediator. To further test the biological plausibility
of this model, we repeated this mediation analysis, excluding the 22
prevalent cases and their 220 matched controls. This yielded compa-
rable results, with a significant indirect mediation path (P < 0.001),
and adirect pathfromsocialisolation to dementia (P= 0.043) that was
rendered non-significant by including the mediator (P=0.09). These
results show that prediagnostic effective connectivity changes, inthe
DMN, mediate an association between premorbid social isolation and
subsequent dementiaincidence. Taken together, prediagnostic DMN
dysconnectivity appears to be a consequence of both genetic and
environmental risk factors.

Discussion

Our findings show that a neurobiologically informed model of DMN
effective connectivity can enable accurate predictions about whether
andwhen anindividual will develop dementia. The performance of our
effective connectivity-based classifier exceeded that of classifiers based
onvolumetric and functional connectivity data, both in our analyses,
and also when comparing it with past works using structural MRl data
as aunimodal predictor of future conversion to dementia*.

From a clinical perspective, this suggests that rs-fMRI could
become a tool for identifying a neural network signature of demen-
tia risk early in the pathological course of the disease. This type of
non-invasive early detection of dementia is an increasingly valuable
goal, particularly with the arrival of disease-modifying drugs. Recent
clinicaltrials have shown promise for amyloid--targeting monoclonal
antibodies, which are modifying the disease trajectory in AD for the
first time***, supposedly with greater therapeutic potential when
started earlierin the disease process. Early detection of dementia risk
is also important in the context of targeted risk reduction strategies
irrespective of underlying pathology'. Whereas pathology-specific
biomarkers can guide disease-modifying molecular therapies, non-
specific biomarkers for all-cause dementia, such as those developed
inthis study, will be useful for identifying who is most likely to benefit

from lifestyle changes and public healthinterventions, and when these
interventions are likely to have the biggest impact.

Recent research on early detection of dementia tended to prior-
itize biomarkers that directly reflect pathogenic protein deposition
in AD, such as cerebrospinal fluid analysis for amyloid beta and tau
proteins. However, these markers have limited predictive ability among
healthy population cohorts because a majority of individuals remain
asymptomatic during follow up (for example, >90% of those with
amyloid beta positivity remain asymptomatic over five years*). Plasma
levels of phosphorylated tauare highly predictive of AD neuropathol-
ogy*®and canalso accurately predict conversion from MCIto AD when
combined with cognitive and genetic data®. Itislikely that rational use
of anti-amyloid therapies among asymptomatic individuals would be
enhanced by the addition of a proximity marker based on early neural
dysfunction, and our results suggest that effective connectivity could
be anideal candidate for this, especially because they demonstrate
that effective connectivity can be used to make predictions, not only
about who will develop dementia, but also the time until future diag-
nosis. These predictions were more accurate than previous prognostic
models trained on structural MRI data and functional connectivity
features™.

We acknowledge that fMRI has its limitations as a diagnostic and
prognostic tool. It is expensive and the signal can be degraded in the
presence of excessive head motion. Thisis reflected in the high exclu-
sion rate in our own analysis. We used strict exclusion thresholds so
that the models were trained on a high-quality dataset, but future
work will need to assess the tolerance that these methods have for
lower-quality data.

A further limitation of this study is uncertainty around how gen-
eralizable these effective connectivity-based models will be. First, our
modelsrely onafeatureselectionstep (Bayesian model reduction) that
occurs prior to cross-validation. In theory, this might inflate model
performance metrics; however, our sensitivity analysis showed that
model performance was comparable when this feature selection step
was omitted. Furthermore, by running Bayesian model reduction on
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the entire dataset, we anticipate that this simplified modelis more likely
to generalize to external datasets than models using the entire effec-
tive connectivity matrix. It will be crucial to validate these preliminary
results on an external sample. A second point revolves around who
exactly these models should be validated on. Our sample dataset is
from the UKB. This cohort—comprising approximately half a million
UK-based participants—is healthier than the general population*
and less socio-economically deprived than non-participants®, witha
disproportionately high number of white participants. The subsample
of this cohort who underwentbrainimaging is younger, and has better
psychological and physical health compared to the average UKB par-
ticipant®’. The generalizability of these results to amore representative
sample needs to be assessed.

Anotherimportant caveat of using a UKB dataset for this study is
that our labeling of cases and controls relies on clinician coding rather
than standardized diagnostic criteria. Although a clinician-coded diag-
nosisis likely tobe more clinically relevant, it may mean that symptoms
ofthe disease were already presentin the prediagnostic phase, limiting
our ability to assess this as a true preclinical biomarker. Indeed, our
analysis of cognitive test data revealed that the prediagnostic cases
were cognitively impaired with respect to controls. Without more
longitudinal cognitive data, it is not clear whether this cognitive impair-
ment reflects cognitive decline from a pathological dementia process,
or simply the baseline characteristics of this sample (we note that
rates of secondary education attendance were significantly lower
in the case-sample; see Extended Data Table 1). The median time to
diagnosisinour prediagnostic sample was 3.7 years, and itis likely that
some of these participants already had MCI. Another avenue of future
research will be assessing effective connectivity-based biomarkers at
even earlier stages in the pathological process, before any cognitive
declineis expected to occur.

Our use of apopulation cohort of all-cause dementia, rather than
awell phenotyped AD-specific cohort, is both a strength and a limita-
tion of this work. Dementia is typically due to mixed pathologies, and
syndromic diagnoses in life are frequently found to be incorrect at
post mortem*. From a pragmatic population health standpoint, the
ability toaccurately predict all-cause dementiais therefore desirable,
and makesit likely that the results of this study would be generalizable
toreal-world settings. We found associations between DMN effective
connectivity and AD polygenicrisk score, as well as between DMN effec-
tive connectivity and hippocampal and parahippocampal volumes.
Although these findings suggest that these effective connectivity
changes at least partially represent pathological changes specific
to AD, our ability to make pathology-specific inferences is limited.
Stronger evidence for a specific relationship with AD pathology could
be obtained through future work incorporating biomarkers of AD
proteinopathies. Indeed, in previous works, classifiers have made
improved predictions on preclinical cohorts when multimodal data
were used, for instance, by combining structural MRI, genetic data,
cerebrospinal fluid assays and cognitive assessments®***. We antici-
pate that, when combined with other data modalities such as amyloid
beta and tau markers, effective connectivity would be likely to yield
improved predictive performance.

Inan exploratory analysis of modifiable risk factors, we found that
socialisolation had aunique and strong association with the effective
connectivity changesin the dementia cohort. This finding hasimpor-
tantimplications for our understanding of why DMN dysconnectivity
issofrequently observedin clinical and preclinical dementia®. Thereis
asubstantial overlap between the DMN and what is typically described
asasocial cognition network®*, The mPFC, temporal poles, precuneus
and temporo-parietal junction consistently activate during cogni-
tive tasks in which participants are required to think about another
person’s intentions or beliefs (that is, engage in Theory of Mind)>™".
Thereis emerging evidence that this network of brain regionsis highly
sensitive to one’s social environment. Social isolation has been shown

to cause hypomyelination in rats®**, which can be reversed through

re-socialization®®*°. In humans, childhood development of social cogni-
tive skillsis associated with white matter tract maturation inthe mPFC
and temporo-parietal junction®. In adulthood, myelin density in the
mPFCis associated with one’s ability to flexibly switch between one’s
own point of view and another person’s point of view®. Social isolation
is a well-established risk factor for dementia“**-*®, Psychosocial inter-
ventions such as cognitive stimulation therapy canimprove symptom
burden®” and may also reverse some of the changes in DMN functional
connectivity thatare seenin AD®®, These interventions are thought to
weaken the link between underlying dementia pathology and cognitive
decline, by promoting compensatory brain changes and expanding
cognitive reserve®.

From a neurobiological perspective, DMN dysconnectivity is
thought to be a consequence of activity-dependent tau spread, from
the medial temporal lobes to densely connected cortical hubs®™.
Here, we found that changes in DMN effective connectivity mediated
an association between social isolation and dementia incidence. This
findingis consistent withatheory thatsocialisolation triggers the DMN
dysconnectivity observedindementia. However, animportant limita-
tion of our study is that we are unable to determine which DMN effective
connectivity changes are pathological and which are compensatory.

Weidentified multiple changes to both inhibitory and excitatory
connections. Some of these connections were strengthened in demen-
tia cases whilst others were attenuated. Examining the three largest
connectiondifferences between cases and controls, we saw a strength-
eningofinhibitory tone from both prefrontal and intraparietal cortices
to the medial temporal lobe, and a weakening of inhibitory tone from
the medial temporallobe to the prefrontal cortex. Electrophysiological
studies in people with AD show cortical hyperexcitability’®”, whilein
vivomouse research has shown that tau silences neurons, and actually
reduces excitability despite the hyperexcitability caused by amyloid
beta (ref. 72). Of the three largest connection changes we observed,
the only weakened connection was an inhibitory connection from
the parahippocampal formation to the prefrontal cortex. This could
be due the neuron-silencing effect of tau accumulation in the medial
temporallobeinthe early stages of the disease. We speculate that the
increased inhibitory tone from frontal and parietal DMN hubs to the
medial temporallobe may reflect ahomeostatic compensation to main-
tain excitation-inhibition balance within the network. An important
avenue for future research will be to collect longitudinal imaging data
along with data on subjective and objective cognitive impairment to
understand the clinical significance of different connections within
the DMN dysconnectivity pattern. DMN dysconnectivity is also likely
to be better understood in the context of wider cortical dynamics that
involve other long-range networks. The salience network and frontopa-
rietal control network are both altered in those at high risk of AD”> and
these changes are associated with future cognitive decline’™. It may be
useful toinclude these networksinthe development of future effective
connectivity-based predictive models.

Insummary, we found that effective connectivity inthe DMN can
be used as anon-invasive population-based prediagnostic biomarker
for predicting future dementia incidence. This biomarker, using rs-
fMRI data, is superior to using structural MRI data. The connectivity
changes in the DMN are strongly associated with AD polygenic risk
and social isolation, a risk factor that might accelerate the effects of
pathological proteinin the DMN.

Methods

Study design

Thiswas anested case-control study designed to assess whether DMN
effective connectivity can be used predict two outcomes of interest.
The first outcome is a future diagnosis of dementia. The second out-
come is time until dementia diagnosis. Potential confounders, which
we identified and tried to control for in our analyses, included age,
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sex, ethnicity, handedness, in-scanner head motion, geographical
location of dataacquisition and social deprivation (Townsend index).
All statistical tests reported are two-sided.

UKB sample selection
The UKB is a longitudinal cohort study that is regularly updated with
healthcare outcomes fromnational UK primary and secondary health-
care databases. We identified all UKB participants who have ever had a
dementia diagnosis on their healthrecord, as of the UKB data update
inMay 2023, and who also had rs-fMRI data available on the UKB. Our
sample size was therefore determined by data availability. Selection
bias was mitigated in this study by identifying every single partici-
pant with a dementia diagnosis. This yielded an initial sample of 148
dementia cases. For each of these dementia cases, we identified ten
control participants from the UKB who did not have a dementia diag-
nosis on their health record, and matched them with the dementia
case interms of age, sex, handedness, ethnicity and the geographical
location of the MRIscanning center. After excluding participants who
failed the preprocessing stage (for example, excessive head motion)
and replacing failed controls with new matched controls we were left
with a final usable sample of 103 cases and 1,030 matched controls.
Of these 103 cases, 81 did not have a dementia diagnosis at the time
of MRI data acquisition, whereas 22 already had prevalent dementia.
In total, 1,486 control participants were screened through data
preprocessing before the target number of 1,030 was achieved.
Participant sexidentification wasacquired froma central registry
(the National Health Service) at the time of recruitment to the UKB, but
insome cases was updated through participant self-report. Participant
ethnicity was defined through self-report at the time of recruitment
to the UKB. Participants were asked to report their ethnicity as ‘white’,
‘mixed’, ‘Asian or Asian British’,‘Black or Black British’, ‘Chinese’, ‘other
ethnic group’,‘do not know’ or ‘prefer not to answer'’.

MRI data acquisition

Magnetic resonance imaging data were acquired between 2006 and
2010 as part of the UKB prospective cohort study, across multiple sites
in the United Kingdom (Manchester, Newcastle and Reading). The
scanner was a Siemens Skyra3 T with aSiemens 32-channel RF receive
head coil. Each participantunderwenta35 minscanning session, during
which thefollowing datawere acquired: a T1-weighted structuralimage,
rs-fMRItime-series, a T2-weighted FLAIR structuralimage, adiffusion
MRIstructuralimage, asusceptibility-weighted image and task-based
fMRItime-series data. We only used the T1image and the rs-fMRI data
for our analyses.

The T1-weighted image was acquired in a 5 min 3D MPRAGE
sequence with a resolution of 1 mm isotropic. The rs-fMRI data were
acquired using a 6 min GE-EPI sequence with x8 multislice accelera-
tion. Resolution, 2.4 mmisotropic; repetition time (TR), 0.735 s; echo
time (TE), 39 ms; flip angle, 52°. Data were acquired under the same
protocols for cases and controls.

MRI data preprocessing
Preprocessing was performed on raw UKBimaging datain SPM12 using
batch scripts in MATLAB R2023a. First, the T1-weighted structural
image was segmented into tissue subtypes, skull-stripped and then
warped into Montreal Neurological Institute (MNI) space. The rs-fMRI
datawere spatially realigned to the single-band reference scan that was
acquired in addition to the multi-band EPI sequence. Volumes were
then co-registered to the skull-stripped T1image, normalized to MNI
space and spatially smoothed using a6 mmisotropic Gaussian kernel.
In-scanner head motion was estimated for each participant by
computing framewise displacement for each participant using the
three translational and three rotational motion parameters (assuming
rotation around the surface of a sphere with radius 50 mm). Partici-
pants were excluded from further analysis if their maximum framewise

displacement exceeded 2.4 mm. This threshold was chosenbecauseit
was the voxel resolution of the dataset.

Time-series extraction

A DMN was constructed by pre-defining ten ROIs on the basis of pre-
existing literature””. This number of ROIs was chosen to compromise
between anatomical detail and feasible computation time when fit-
ting dynamic causal models. The ten-node network comprised a core
DMN of the anterior medial prefrontal cortex (amPFC), the precu-
neus, and the leftand right intraparietal cortex (IPC). These four ROIs
were centered around the following co-ordinates, respectively, on the
basis of a previous study on DMN effective connectivity by Almgren
and colleagues™: (x=2,y=56,z=-4), (x=2,y=-58,z=30), (x=-44,
y=-60,z=24),(x=54,y=-62,z=28). Weincluded the following addi-
tional ROIs in our DMN network, using co-ordinates from a past study
on DMN connectivity in amnestic cognitive impairment by Dunn and
colleagues’: ventromedial prefrontal cortex (vmPFC), dorsomedial
prefrontal cortex (dmPFC), left and right lateral temporal cortex (LTC)
and left and right parahippocampal formation (PHF), centered on
the following co-ordinates, respectively: (x=0,y=26,z=18), (x=0,
y=52,2=26),(x=-60,y=-24,z=18),(x=60 ,y=-24,z=18), (x=-28,
y=-40,z=-12),(x=28,y=-40,z=-12).

The signal from each ROl was estimated by fitting a general linear
model containing a discrete cosine basis set with frequency range
0.0078-0.1Hz, as well as the following nuisance regressors: six head
motionregressors, aregressor for cerebrospinal fluid signal (a principal
eigenvariate sphere radius of 5 mm centered in the third ventricle at
(x=0,y=-40,z=-5)), aregressor for white matter signal (a principal
eigenvariate sphere radius of 6 mm centered in the brainstemat (x=0,
y=-24,z=-33)).Global signal regression was not performed as there
is evidence it does not substantially impact results in small network
analyses”. An F-contrast was specified across all components of the
discrete cosine basis set, yielding aBOLD time-series of low-amplitude
fluctuations in each voxel within a 10 mm radius sphere centered on
each of the ten ROl co-ordinates listed above.

For each ROI, a new 8 mm sphere was then centered on the peak
intensity voxel. Asummary signal for the ROl was computed as the prin-
cipal eigenvariate of all supra-threshold voxels (uncorrected a = 0.05)
thatlayinthe conjunction space of the first10 mm sphere and the sec-
ond 8 mm sphere. These were voxels with evidence for low frequency
BOLD fluctuations. Note that the principal eigenvariate across voxels
isused, rather than the mean, so that negative and positive signals do
not negate each other and that the extreme values don’t bias the mean
estimate. If any of the ten ROIs yielded no supra-threshold voxels then
the participant was excluded from further analysis.

Estimating effective connectivity

Effective connectivity was estimated using spectral DCM using the
DCMI12 toolbox in SPM12. Spectral DCM fits a biophysical state-space
modeltothe observed cross-spectraof BOLD signals, to estimate under-
lying neuronal states® and the rate of change in neural activity in each
region (in hertz) as afunction of activity in other regions (that is effec-
tive connectivity). For each participant we fitted a fully connected DCM
with a connectivity parameter for every possible pair of the ten ROIs,
including auto-inhibitory self-connections. This model thus comprised
100 connectivity parameters. The DCM software’®”” uses the variational
Laplacealgorithmtoinvert the model and estimate these connectivity
parameters by minimizing negative free energy. We used the software’s
default priors. Each participant’s DCM fit was screened for conver-
gence by ensuring it met the following criteria: explained variance
of BOLD signal greater than 10%, at least one connection (excluding
self-connections) withan absolute connection strength of greater than
1/8 Hz, and at least one effectively estimated parameter (based on the
Kullback-Leibler divergence of posterior from prior). All participants
who had a DCM fitted met these criteria for model convergence.
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We fitaparametric empirical Bayes (PEB) model” to the full set of
participant-specific DCMs to estimate an average connectivity matrix
across participants and estimate the difference in connectivity between
cases and controls. The PEB technique enables us to estimate group-
level connectivity strengths by fitting a hierarchical model to the esti-
mated connectivity parameters of eachindividual and the precisions of
those parameters. We specified abetween-participants design matrix
that contained five columns: a column of ones, to model the average
connectivity strengths across all participants; a column of ones and
zeros, to model the differences in connectivity between cases and
controls; and three columns to model covariates of no-interest (age,
sexand meanframewise displacement to model any effects attributable
to head motion). Thelast three columns were mean-centered. Instead
of estimating a full covariance matrix across connectivity parameters,
asingle precision component was shared across connectivity param-
eters, to permit model estimation within areasonable amount of time.
The resulting PEB model comprised 500 connectivity parameters,
thatis, a10 x 10 connectivity matrix for each of the five columns of the
between-participants design matrix.

Finally, we used exploratory Bayesian model reduction and Bayes-
ianmodel comparison to find the best (and simplest) model to explain
the data. In this procedure an automatic greedy search over reduced
modelsiteratively discards parameters that don’t contribute to model
evidence. A Bayesian model average of parameters is then calculated
over the 256 models from the final iteration of the greedy search
(default settings of DCM software).

The details of the biophysical model usedin DCM, modelinversion
at a participant and group level and Bayesian model reduction have
already been extensively documented’®”””’ and will not be reproduced
here.

Case-control classifier

Of the group-level parameters that model differences in effective
connectivity between cases and controls, we selected all parameters
with an at least 99% posterior probability of being non-zero. This way
we identified a set of statistically plausible connections to use as data
features for our classifier.

Wetrained anelastic-netregularized logistic regression model on
these features to classify cases from controls using the gimnet toolbox
for MATLAB. To accommodate for the 10:1imbalance in class size,
observation weights were applied so that cases were weighted tentimes
more than controls. A nested stratified k-fold cross-validation (CV)
scheme was applied for tuning two hyperparameters: elastic mixing
parameter a and regularization penalty A.

The dataset was partitioned into K =10 subsets. The first subset
contained the 22 participants with prevalent dementia at the time of
data acquisition as well as their 220 matched controls; the remaining
nine contained arandom sampling of the rest of the dataset, with the
requirement that each subset contained ten controls per case.

For each outer fold of CV, one subset was held out as a test set
while the remaining nine subsets constituted a train-set. Note that
thefirst subset was never used as atest set and only nine folds of outer
cross-validation were actually performed. Therefore, data from the
22 participants who had a prevalent diagnosis of dementia at the time
of data acquisition were only used to train the model, whereas the
performance of the model exclusively refers to its ability to predict a
future dementia diagnosisin those who did not yet have a diagnosis at
the time of data acquisition.

For each of these nine outer folds of CV, the train-set was randomly
partitioned into K =5 inner subsets, again with the requirement that
each inner subset contained ten controls per case. Thus, five folds of
inner CV were performed. Each of these five inner folds was repeated
foradifferentvalue of @, ranging fromzero tooneinincrements of 0.1.
Glmnet automatically uses arange of 100 A values every time amodel
is estimated. A different ROC curve was generated for each possible

combination of hyperparameters, and for each inner fold of CV. The
AUC was averaged across the five inner folds. The combination of
hyperparameters that generated the maximumaverage AUC were then
used for amodel trained on the entire train-set and applied to the
originally held out test set. At the end of the procedure, nine AUC curves
were generated, one for each outer fold of CV. The mean AUC from
these nine ROC curves was used as the final AUC.

AsK-fold CVissensitive to the way that the datais partitioned, the
entire procedure described above was performed nine times, with a
differentrandom partitioning of data each time. The median AUC from
these nineiterations is reported as the main result with the minimum
and maximum AUC reported inbrackets. The ROC curves fromall nine
iterations are plotted in Fig. 4.

Theabove analysis was also performed using nested leave-one-out
CVinstead of K-fold CV, to generate a robust and unique participant-
specific probability of dementia. We call this participant-specific value
‘effective connectivity (EC) index’ and it was used for subsequent analy-
ses on individual differences (see the ‘Volumetric data analysis’ and
‘Modifiable risk factors analysis’ sections below).

Prognosticator

Wetrained a prognosticator model to test whether effective connec-
tivity features could also be used to predict when these individuals
got their dementia diagnosis. A group-level effective connectivity
matrix was computed, using the PEB framework with Bayesian model
reduction, as described above, but this time only the dementia cases
were included in the analysis. The second column in the between-
participants design matrix was not a column of ones and zeros to
represent cases and controls, but rather a continuous variable that
was computed as date of MRI acquisition subtracted from the date
of dementia diagnosis (that is, how long, in years, until a dementia
diagnosis). The value was negative if the participant already had a
dementia diagnosis at the time of data acquisition. One participant,
with prevalent dementiaat the time of data collection, was excluded
fromthis analysis as there was noreliable date of their past dementia
diagnosis. Of the group-level parameters that model differences in
effective connectivity as a function of the time until diagnosis, we
selected all parameters with a posterior probability of at least 99%
of being non-zero.

Wethen trained an elastic-net regularized linear regressionmodel
using the same K-fold cross-validation scheme as described above for
theclassifier. However, in this analysis, we wanted to assess the ability
of the prognosticator to predict both positive and negative time until
dementia diagnosis. The modelwas therefore tested on the cases with
prevalent dementia at the time of data acquisition, and therefore all
K=10 subsets were used as test sets and ten folds of outer CV were
performed. Hyperparameters a and A were tuned by minimizing the
squared error between predictions and true values. Performance was
evaluated as the Spearman correlation coefficient between final model
predictions aretrue values. As above, the entire procedure was iterated
nine times, the final reported result was the median Spearman coef-
ficientacross the nineiterations.

Volumetric data analysis

Werepeated the above analyses to see how useful effective connectivity
parameters were at making predictions about dementia compared to
other MRI-based features, but this time using volumetric data features
from structural MRl instead. We used pre-existing volume data from
UKB’s imaging-derived phenotype database®. Specifically, we used
the following 18 hippocampal subsegmental volumes (segmented
using FreeSurfer): body of CAl, head of CAl, body of CA3, head of
CA3,body of CA4, head of CA4, molecular layer of hippocampal body,
molecular layer of hippocampal head, parasubiculum, presubiculum
body, presubiculum head, subiculum body, subiculum head, whole
hippocampaltail, whole hippocampal body, whole hippocampal head,
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whole hippocampus and hippocampal fissure. We also used two addi-
tional gray matter volumes from UKB’s imaging-derived phenotype
database, segmented using FMRIB’s automated segmentation tool
(FAST): anterior division of parahippocampal gyrus and posterior
division of parahippocampal gyrus. Volumes were used from both the
left and right hemispheres, and thus a total of 40 features were used.

Eachfeature was normalized by total intracranial volume. We then
trained regularized logistic regression and linear regression models
on this volumetric data using exactly the same cross-validation pro-
cedures that we used for the effective connectivity data features, as
described above.

We also tested for an association between effective connectivity
index and volumetric data. We took the mean across all 40 subsegmen-
tal volumes and fit aweighted linear regression model using fitglmin
MATLAB to see whether average volume was associated with effective
connectivity index. Individuals with dementia were upweighted and
control participants were downweighed such that cases and controls
made equal contributions to the regression model. We then ran 40
separate post-hoc regressions where the predictor variable was each
individual subsegmental volume. Only the regression models that
yielded the three highest R? values are reported.

Functional connectivity analysis

We estimated functional connectivity matrices for each participant to
compare predictions based on effective connectivity to an alternative
rs-fMRI metric. For this analysis we used the same BOLD time-series
that were used for the DCM analysis. For each possible pair of ROls, a
Fisher z-transformed Pearson correlation coefficient was computed
between the BOLD time-series from these two ROIls. This generated
a10 x 10 functional connectivity matrix for each participant. As this
matrix is symmetrical, duplicate elements were removed and the
diagonal elements (self-connections) were also removed. This resulted
in 45 functional connectivity values. We then trained regularized
logistic regression and linear regression models on these functional
connectivity values using exactly the same cross-validation proce-
dures that we used for the effective connectivity data features, as
described above.

Cognitive data analysis

Toassess the cognitive profile of the cases and controls in this study, we
utilized UKB data from touchscreen cognitive function tests. Multiple
cognitive tests were performed but only four tests were deemed to
have sufficient data for analysis. For the other cognitive tests, at least
30% of our analyzed participants had missing data. The four cognitive
tests that we used for analysis were assessments of visual declarative
memory, processing speed, verbal and numerical reasoning and pro-
spective memory. Missing data were imputed with the median across
all participants. Details of the cognitive tests and performance of cases
and controls in each of the four tests can be seen in Supplementary
Table 3.

We found significant differences between cases and controls in
reactiontime, fluid intelligence and prospective memory, with controls
performingbetterinall three tasks. To assess how well these cognitive
datacould predict future dementia diagnosis and time until dementia
diagnosis, we trained regularized logistic regression and linear regres-
sion models on these cognitive outcome measures using exactly the
same cross-validation procedures that we used for the effective con-
nectivity datafeatures, as described above.

We also constructed acomposite score of cognitive ability by run-
ning a principal components analysis on the four test scores. We took
individual scores for the first principal component, which loaded nega-
tively onnumber of errorsin the pairs matching test and reaction time,
and loaded positively on scores in the fluid intelligence and prospec-
tive memory task (that is, a higher score on this principal component
indicated better performance across the four tasks).

Modifiable risk factors analysis

We investigated which modifiable risk factors were associated with
dementia-related changes in DMN effective connectivity using multi-
ple multivariable linear regression models. We constructed avariable
for each of the 12 modifiable risk factors identified in the 2020 Lancet
commission ondementia'. History of hypertension, diabetes, smoking,
depression, physicalinactivity, traumatic braininjury and hearingloss,
absence of secondary education, and residence in a highly polluted
neighborhood (top decile) were coded as binary variables. Body mass
index, weekly alcohol consumption and social isolation were coded as
continuous numerical variables. The social isolation variable was con-
structed with datafromthree questions, which participants answered
as part of the touchscreen session at baseline data collection. These
three questions assessed: (1) weekly attendance at social leisure activi-
ties (binary); (2) an estimated number of visits from friends or family
within a year (continuous numerical); and (3) an estimated number
of times the participant felt able to confide in someone close to them
withinayear (continuous numerical). We ran a principal components
analysisonthese three variables and took individual scores for the first
principal component, which loaded negatively on all three variables
(thatis, a higher score on this principal component indicated greater
socialisolation). Traumatic braininjury was excluded from the subse-
quentregression analyses as there were only nine positive cases across
the entire sample. This left 11 modifiable risk factors for analysis. For
all variables, missing data were imputed with the median across all
participants (see Supplementary Table 2 for numbers of missing data
points). Data acquisition and processing were identical for cases and
controls. Supplementary Table 4 shows details of the raw UKB variables
used to derive the variables in this analysis.

For each of the 11 modifiable risk factors, as well as AD PRS, a
weighted linear regression model was estimated using fitglm in
MATLAB, where the risk factor of interest was the predictor variable,
and effective connectivity index was the response variable. The effec-
tive connectivity index is simply the probability of dementia outputted
from the case-control classifier trained with leave-one-out cross-
validation. A higher value here indicates that the participant’s over-
all effective connectivity pattern conforms more to a dementia-like
phenotype than a control-like phenotype. Age, sex and Townsend
social deprivation score were included as covariates of no-interest in
each of the 12 linear regression models. Participants with dementia
were upweighted and control participants were downweighed in the
linear regression models, such that cases and controls made equal
contributions to the regression models. A P-value was estimated for
each of the 11 modifiable risk factors and for PRS, which was corrected
for multiple comparisons using the Holm-Bonferroni method, to
maintain afamily wise error rate of 0.05.

A mediation analysis was performed, with social isolation as a
predictor, effective connectivity index as a mediator and dementia
incidence asaresponse variable (dummy-coded binary variable). Each
regression model estimated in the mediation analysisincluded age, sex
and Townsend social deprivation score as covariates of no-interest, and
used weighted observations such that cases and controls contributed
equally to the model. A P-value was estimated for the significance of
the indirect path coefficient by generating a permutation-based null
distribution. For each permutation, the dementia incidence variable
wasrandomly shuffled and anindirect path coefficient was estimated.
Thiswas repeated 1,000 times to generate anull distribution of indirect
path coefficients with which to evaluate the true indirect path coef-
ficient magnitude.

Alzheimer’s disease polygenicrisk score

The AD PRS was downloaded from the UKB standard PRS set®.
The database comprises PRSs for 28 diseases and 25 traits for every
UKB participant. Polygenic risk scores were derived from meta-
analysis of multiple external genome-wide association study sources.
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Detailed methods for how PRSs were generated have already been
extensively documented® and will not be reproduced here.

Ethics and inclusion statement

This research included local researchers throughout the research
process. Roles and responsibilities were agreed amongst collaborators
ahead of theresearch. This researchinvolved no health, safety, security
or other risk to participants or researchers.

Data access and ethics

Thisresearch was conducted using the UKB Resource under application
no. 78867 (PI: C. Marshall). Informed written consent was obtained from
all participants onenrollment in UKB and they were informed that they
are free towithdraw their consent at any time, at which time their data
wouldbe censored and excluded from future analysis. Participants were
offered compensation for reasonable travel expenses. The UKB has
approval fromthe North West Multicentre Research Ethics Committee
asaResearch Tissue Bank (REC reference: 21/NW/0157).

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

Data availability

Processed group-level DCMresults are available at https://github.com/
Wolfson-PNU-QMUL/UKB_DCM_dementia. Supplementary Table 4
contains UKB field names for UKB data variables analyzed in this study.

Code availability
MATLAB analysis codeis available at https://github.com/Wolfson-PNU-
QMUL/UKB_DCM _dementia.
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Extended Data Table 1| Sample characteristics

Characteristic Cases Controls P
Age, y (SD) 70.63 (6.7) 70.19 (6.58) 0.52 (t-test)
Women, N (%) 44 (43%) 428 (42%) 0.82 (chi squared)
Men, N (%) 59 (57%) 602 (58%) 0.82 (chi squared)
Ethnicity, N white (%) 102 (99%) 1023 (99%) 0.74 (chi squared)
Ethnicity, N black (%) 1{1%) 7 (1%) 0.74 (chi squared)
Righthanded, % 93 96 0.24 (chi squared)
Median Social isolation score 0.3 -0.003 0.0026 (Mann-Whitney U test)
Hearing loss, % 67 62.2 0.34 (chi squared)
Pollution, % 9.7 8.3 0.64 (chi squared)
Smoking, % 534 58 0.37 (chi squared)
Depression, % 214 12 0.007 (chi squared)
Hypertension, % 50.5 41.6 0.08 (chi squared)
Median alcohol intake 52.1 52.1 0.95 (Mann-Whitney U test)
Less education, % 155 8.2 0.01 (chi squared)
Diabetes, % 10.7 59 0.06 (chi squared)
Physical inactivity, % 63.1 62.6 0.92 (chi squared)
Median Body mass index (BMI) 258 259 0.48 (Mann-Whitney U test)
Social deprivation score -2.95 -2.77 0.74 (Mann-Whitney U test)

Breakdown of sample demographics for cases and controls. P-values are shown for statistical tests for differences in demographic numbers between cases and controls. All statistical tests
are two-sided.
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was therefore determined by data availability. By identifying every single participant with a dementia diagnosis, selection bias
was mitigated in this study. This yielded an initial sample of 148 dementia cases. For each of these dementia cases, we
identified 10 control participants from UKB, who did not have a dementia diagnosis on their health record, and were
matched with the dementia case on age, sex, handedness, ethnicity, and geographical location of MRI scanning centre.
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Ethics oversight This research was conducted using the UKB Resource under Application Number 78867 (PI: Prof. Charles Marshall). Informed
written consent was obtained from all participants on enrolment in UKB and they were informed that they are free to
withdraw their consent at any time, at which time their data would be censored and excluded from future analysis.
Participants were offered compensation for reasonable travel expenses. The UKB has approval from the North West
Multicentre Research Ethics Committee (MREC) as a Research Tissue Bank (RTB). REC reference: 21/NW/0157.

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

|X| Life sciences |:| Behavioural & social sciences |:| Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Life sciences study design

All studies must disclose on these points even when the disclosure is negative.
Sample size N =1133. We identified all UKB participants who have ever had a dementia diagnosis on their health record, as of the UKB data update in May

2023, and who also had resting-state functional MRI (rs-fMRI) data available on the UKB database. Our sample size was therefore determined
by data availability.

Data exclusions  After excluding participants who failed the preprocessing stage (e.g. excessive head motion) and replacing failed controls with new matched
controls we were left with a final usable sample of 103 cases and 1030 matched controls. Of these 103 cases, 81 did not have a dementia
diagnosis at the time of MRI data acquisition, whilst 22 already had prevalent dementia. In total, 1485 control participants were screened

through data preprocessing before the target number of 1030 was achieved.

Replication Replication was not performed as part of this study due to limitations in data availability. This is acknowledged in the limitations section of the
Discussion in the main manuscript.

Randomization  This was a case-control study. Randomisation was not performed.

Blinding Blinding of investigators was not feasible in this study as it was a case-control study with 10-fold more controls than cases.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.




Materials & experimental systems Methods

Involved in the study n/a | Involved in the study

|:| Antibodies |Z |:| ChiIP-seq

|:| Eukaryotic cell lines |:| Flow cytometry

|:| Palaeontology and archaeology |:| MRI-based neuroimaging

|:| Animals and other organisms

Clinical data

|:| Dual use research of concern

[] Plants
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Clinical data
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Policy information about clinical studies
All manuscripts should comply with the ICMJE guidelines for publication of clinical research and a completed CONSORT checklist must be included with all submissions.

Clinical trial registration = No new clinical data was collected as part of this study and this was not a registered clinical trial.

Study protocol This was a nested case-control study. The full protocol can be found in the Methods section of the manuscript.
Data collection No data collection was carried out as part of this study. Pre-existing data from the UK Biobank was downloaded and analysed.
Qutcomes Outcomes were a) Dementia incidence, b) Time until dementia diagnosis. These were established using NHS records.
Plants
Seed stocks Report on the source of all seed stocks or other plant material used. If applicable, state the seed stock centre and catalogue number. If

plant specimens were collected from the field, describe the collection location, date and sampling procedures.

Novel plant genotypes Describe the methods by which all novel plant genotypes were produced. This includes those generated by transgenic approaches,
gene editing, chemical/radiation-based mutagenesis and hybridization. For transgenic lines, describe the transformation method, the
number of independent lines analyzed and the generation upon which experiments were performed. For gene-edited lines, describe
the editor used, the endogenous sequence targeted for editing, the targeting guide RNA sequence (if applicable) and how the editor

Authentication Bg:((;/ﬁljfej’”aesy authentication procedures for-each seed stock-tised-ornovel-genotype generated.-Describe-any-experiments-tsed-to
assess the effect of a mutation and, where applicable, how potential secondary effects (e.g. second site T-DNA insertions, mosiacism,
off-target gene editing) were examined.

Magnetic resonance imaging

Experimental design

Design type Case-control analysis - comparing effective connectivity maps between two groups
Design specifications N =103 cases, N = 1030 controls. Effective connectivity estimated using DCM.

Behavioral performance measures  None (resting-state fMRI)

Acquisition
Imaging type(s) Resting-state fMRI
Field strength 3T
Sequence & imaging parameters Resolution 2.4 mm isotropic, TR 0.735 s, TE 39 ms, flip angle 52
Area of acquisition Whole brain
Diffusion MRI [ ] Used Not used

Preprocessing

Preprocessing software SPM12




Normalization Normalized to MNI space

Normalization template MNI
Noise and artifact removal Participants with excessive head motion (>2.4 mm framewise displacement) excluded from analysis
Volume censoring Nil

Statistical modeling & inference

Model type and settings Dynamic causal modelling
Effect(s) tested Effective connectivity parameter differences between cases and controls

Specify type of analysis: [ | whole brain ROI-based [ ] Both
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Anatomical location(s) Literature-based ROIs to define a 10-node default-mode network (DMN)
Statistic type for inference Parametric empirical Bayes

(See Eklund et al. 2016)
Correction Nil

Models & analysis

n/a | Involved in the study
|:| |Z Functional and/or effective connectivity

|:| Graph analysis

|:| |Z Multivariate modeling or predictive analysis

Functional and/or effective connectivity Effective connectivity parameter estimates (and comparative Fisher Z-transformed Pearson coefficients also
calculated)

Multivariate modeling and predictive analysis  Stratified nested K-fold cross-validation using elastic net regularised linear and logistic regression models
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