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Abstract

INTRODUCTION: We investigate sex-specific topological structures associated with

typical Alzheimer’s disease (AD) dementia using a novel state-of-the-art latent space

estimation technique.

METHODS: This study applies a probabilistic approach for latent space estimation

that extends currentmultiplex networkmodeling approaches and captures the higher-

order dependence in functional connectomesbypreserving transitivity andmodularity

structures.

RESULTS: We find sex differences in network topology with females showing more

default mode network (DMN)-centered hyperactivity and males showing more lim-

bic system (LS)-centered hyperactivity, while both show DMN-centered hypoactivity.

We find that centrality plays an important role in dementia-related dysfunction with

stronger association between connectivity changes and regional centrality in females

than inmales.

DISCUSSION:The study contributes to the current literaturebyproviding amore com-

prehensive picture of dementia-related neurodegeneration linking centrality, network

segregation, and DMN-centered changes in functional connectomes, and how these

components of neurodegeneration differ between the sexes.
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Highlights

∙ We find evidence supporting the active role network topology plays in neurodegen-

eration with an imbalance between the excitatory and inhibitory mechanisms that

can lead to whole-brain destabilization in dementia patients.

∙ We find sex-based differences in network topology with females showing more

default mode network (DMN)-centered hyperactivity, males showing more limbic

system (LS)-centered hyperactivity, while both showDMN-centered hypoactivity.

∙ We find that brain region centrality plays an important role in dementia-related

dysfunction with a stronger association between connectivity changes and regional

centrality in females than inmales.

∙ Females, compared to males, tend to exhibit stronger dementia-related changes in

regions that are the central actors of the brain networks.

∙ Taken together, this research uniquely contributes to the current literature by

providing a more comprehensive picture of dementia-related neurodegeneration

linking centrality, network segregation, and DMN-centered changes in functional

connectomes, and how these components of neurodegeneration differ between the

sexes.

1 BACKGROUND

Sex is an important biological indicator of Alzheimer’s disease (AD)

and related dementias (ADRD). More women are impacted by AD

than men.1 Women tend to experience faster rates of neuronal

deterioration and atrophy than men.2,3 Neuroimaging methods, for

example, resting-state functional magnetic resonance imaging (rs-

fMRI), have been used to identify sex differences in functional

co-activation patterns between AD patients and healthy partici-

pants. Early research shows evidence in sex-specific spatial pattern

correspondence between intrinsic functional connectivity networks

and neurodegenerative atrophy patterns4 revealing links between

dementia-induced atrophy and irregularities in functional connectivity.

Network-based neurodegeneration model hypothesizes that con-

nections in the brain act as conduits for the propagation of pathological

proteins with accumulation along brain connections.5–8 It suggests

that pathological proteins originate at disease epicenters and then

spread across the whole brain.9 The epicenter progression hypoth-

esis has gained support in the literature with positive associations

found between connectivity strength and pathology10,11 and pro-

tein aggregation found between brain regions with strong anatomical

connections.5,6 The latter has also gained support in longitudinal

studies with a faster rate of protein aggregation in regions con-

nected to epicenters.12,13 Specific attention has been given to the

default mode network (DMN), a set of co-activating brain regions

with a non-trivial overlap with β-amyloid14–19 deposition. To differ-

entiate co-activating clusters of brain regions, for example, DMN

from whole-brain connectivity, we call the former circuits and the

latter brain networks in the current study. Because the whole-brain

connectivity is the more complete network, functional circuits can

be seen as local clusters that play crucial roles in the whole-brain

network.

Recent evidence suggests that the interconnected nature of the

brain plays a more active role in degeneration than has been indicated

in the epicenter progression hypotheses,9 pointing to changes in the

network topology—logical and relational arrangements of the brain

nodes and connections. The connectome-driven degeneration model

hypothesizes that the accumulation of pathological protein may first

interfere with the information flow via connected regions locally, but

can ultimately create an imbalance between excitatory and inhibitory

mechanisms, leading to whole-network destabilization.20,21 Although

networks are often found be efficient for information communica-

tion and resilient to local dysfunctions, the literature also points to

the presence of the tipping point, bypassing of which can lead to a

whole-system collapse.20,22–24 One aspect of topology in brain net-

works, network segregation and integration, the relative intensity in

within-circuits connectivity to between-circuits connectivity, is a key

indicator of instability.25–27 Evidence supports a loss of network seg-

regation during aging, with growing connectivity between functional

circuits and weakening connectivity within each functional circuit

as we age. This imbalance can result in a less efficient whole-brain

connectivity network, exacerbating neurodegeneration and cognitive

decline.20,21,28

Despite the critical role topology plays in neurodegeneration, there

is a lack of studies investigating whole-brain topology in neurode-

generation while pinpointing localized sex-specific dysfunction at

the node or circuit level. Regional investigations can provide insights

into the roles that key regions and circuits such as DMN play in
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dysfunction, but there are downsides as well. First, investigations

at the circuit level often assume the stability of functional circuits

between healthy and dementia patients though evidence supports

heterogeneity in functional circuits across participants and the mixing

of region-to-circuit membership across the human lifespan.29–31 In

addition, functional circuits and protein composition only show mod-

erate spatial matching,15,32 which may suggest that functional circuits

do not provide the whole picture for protein spread and are only a

part of the whole-brain communication feature. Further investigation

is needed. Brain hubs, for example, are known to transmit information

across functional circuits.33 Ultimately, the brain is a complex network

containing connections within and between circuits, and studying

only pieces of the network does not give a holistic picture of the sex

differences in brain function and degeneration. The applications of sta-

tistical network analytical techniques to neuroimaging have allowed us

to address this gap and investigate the whole-brain differences while

preserving network modularity. For AD research, modularity plays

an important role in degeneration. The DMN, for example, is a key in

AD pathology. AD patients tend to show impaired DMN activity in

the early symptomatic stage,34–37 and DMN regions are consistently

foundwith tau deposition.4,38

We apply a novel latent space joint network model39 to perform

a case–control comparison using the functional connectivity data

together with region-specific cortical volume, cortical thickness, sur-

face area, and positron emission tomography (PET) information. We

apply our model to males and females separately to identify potential

sex differences in functional imaging biomarkers of dementia26,27 and

uncover sex-specific topological structures associated with dementia.

We find evidence supporting the active role network topology plays

in neurodegeneration, an imbalance between excitatory and inhibitory

mechanisms that accelerates whole-brain destabilization in demen-

tia patients. We find sex-based differences in network topology with

females showing more DMN-centered hyperactivity and males show-

ing more limbic system (LS)-centered hyperactivity, while both show

DMN-centered hypoactivity. Centrality plays an important role in

dementia-related dysfunction with a stronger association between

connectivity changes and regional centrality in females than in males.

Females, compared to males, tend to exhibit stronger dementia-

related changes in regions that are the central actors of the brain

networks.

2 METHODS

2.1 Participants

Data used in the preparation of this article were obtained from

the Alzheimer’s Disease Neuroimaging Initiative (ADNI) database

(adni.loni.usc.edu). The ADNIwas launched in 2003 as a public–private

partnership, led by Principal Investigator Michael W. Weiner, MD.

The primary goal of ADNI has been to test whether serial mag-

netic resonance imaging (MRI), PET, other biological markers, and

clinical and neuropsychological assessment can be combined to mea-

RESEARCH INCONTEXT

1. Systematic review: We investigate sex-specific topologi-

cal structure associated with typical Alzheimer’s disease

(AD) dementia using a novel state-of-the-art latent space

estimation technique. We apply a probabilistic approach

for latent space estimation that extends current mul-

tiplex network modeling approaches and captures the

higher-order dependence in functional connectomes by

preserving transitivity andmodularity structures.

2. Interpretation:We find sex differences in network topol-

ogy with females showing more default mode network

(DMN)-centered hyperactivity and males showing more

limbic system (LS)-centered hyperactivity, while both

showDMN-centeredhypoactivity.We find that centrality

plays an important role in dementia-related dysfunc-

tion with a stronger association between connectivity

changes and regional centrality in females than inmales.

3. Future directions: Future studies should extend the cur-

rent study and provide a more comprehensive picture

of dementia-related neurodegeneration linking central-

ity, network segregation, and DMN-centered changes

in functional connectomes and further investigate how

these components of neurodegeneration differ between

the sexes.

sure the progression of mild cognitive impairment (MCI) and early

AD.40

Participantswere from the third release of theADNI study including

211males and 199 females, a sample size of 410 in total. To be included

in our study, subjects must have both structural MRI (sMRI) and rs-

fMRI scans at enrollment or year-1 time points with baseline scans in

two modalities. Participants self-identified their sex as male or female.

Of these, 196 participantswere healthy, 157 participants showedMCI,

and 57 participants showed symptoms of typical AD dementia. The AD

dementia participants are hereon referred to as the dementia group,

per the ADNI-3 dataset diagnostic label.40

See the demographic information across three clinical groups in

Table 1. Across the three clinical groups, we found comparable demo-

graphic information regarding sex and race. We found a comparable

age range across three clinical groups with differences in the average

age of the participants. This result is expected because age is the key

risk factor for developing ADRD, and it makes sense that dementia

patients tend to be older thanMCI and healthy participants.

2.2 PET

Preprocessed florbetapir (AV45) and florbetapen (FBB) PET data

were obtained from ADNI3, using the UC Berkeley PET Imaging
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TABLE 1 Demographic information for different clinical groups

Parameter Healthy (N= 196) MCI (N= 157) Dementia (N= 57)

Sex

Female 102 (52.0%) 73 (46.5%) 24 (42.1%)

Male 94 (48.0%) 84 (53.5%) 33 (57.9%)

Age

Mean (SD) 70.7 (6.6) 71.8 (7.1) 74.4 (7.1)

Range 55.5–87.4 55.0–89.1 56.7–89.2

Race

American Indian/Alaskan 1 (0.5%) 0 (0.0%) 0 (0.0%)

Asian 1 (0.5%) 2 (1.3%) 1 (1.8%)

Black 13 (6.6%) 3 (1.9%) 0 (0.0%)

More than one 4 (2.0%) 2 (1.3%) 1 (1.8%)

White 176 (89.8%) 149 (94.9%) 55 (96.5%)

Unknown 1 (0.5%) 1 (0.6%) 0 (0.0%)

Abbreviation:MCI, mild cognitive impairment; SD, standard deviation.

Dataset.41,42 The PET data were first date-matched to the fMRI scans

for each subject, selecting the PET scan that was closest to the fMRI

scan in acquisition date. The data contain standardized uptake value

ratio (SUVR) values for cortical regions of the Desikan–Killiany Atlas

from the two types of imaging tracers. To harmonize the data, each

tracer’s SUVR values were converted to the centiloid (CL) scale for

consistency.43 Due to the cross-sectional design of the present study,

the normalization process in the conversion was done concerning the

cerebellum’s SUVR for each tracer type. The CL values were then used

for subsequent analysis.

2.3 rs-fMRI data

Image processing was performed according to procedure outlined

in a previous paper,44 conducted using the ConnectomeMapper3

pipeline,45 which consolidates several open-source packages for brain

registration, segmentation, and blood oxygen level-dependent (BOLD)

time signal processing. The sMRI volumes were first segmented using

FreeSurfer’s reconall function before being parcellated using Scale 1

of the Lausanne 2018 parcellation.46 For rs-fMRI preprocessing, the

images underwent despiking and slice timing correction using AFNI47

and motion correction and distortion correction using FSL. Each sub-

ject’s rs-fMRI images were then registered to their corresponding b0

sMRI volumes using the FLIRT toolbox in FSL.48,49 The BOLD time sig-

nals of each region of interest (ROI) were then band-pass filtered and

detrended using linear regression. Global signal regression was not

applied for this study.27 Functional brain networks were constructed

for each subject by computing the Pearson correlation between the

BOLD time signals of pairs of ROIs. We excluded the subcortical

regions and focused on cortical regions for study, resulting in networks

with 68 regions in size. These 68 cortical regions of the Lausanne 2018

atlas matched those of the Desikan–Killiany atlas. Last, we performed

two mappings between the regions and subsystem labels: the seven

Resting-State Functional Subnetworks (RSNs) and subcortical regions

from the YeoAtlas50 and anatomical lobemappings from FreeSurfer.51

These mappings allow for the observation of higher-order dysfunction

at a subsystem level.

In addition, we downloaded regional anatomical measurements

from the University of California San Francisco FreeSurfer 5.1 Cross-

Sectional Study database, and the same processing procedures were

performed.39 We included the cortical attributes, cortical volume,

surface area, and average thickness.

2.4 Latent space estimation

Investigations of connectomes via latent space dimensions or gra-

dients have seen a surge of applications in the literature.52–57 This

study applies a probabilistic approach for latent space estimation

called attributes informed brain connectivity (ABC) estimation.39 We

briefly reiterate here to demonstrate its applicability with functional

connectomes, MRI, and PETmodalities.

Suppose we have latent space dimensions Z, X, and Y that repre-

sent meaningful information in MRI derived regional cortical volume,

thickness and surface area (Z), PET-derived SUVR values (X), and fMRI

derive functional connectomes (Y). Instead of estimating latent con-

nectivity dimensions Y using matrix factorization methods, and then

linking functional connectomes with PET and MRI, we can, in one

wholistic generative model, estimate Z, X, and Y simultaneously with

a shared distribution. To achieve this objective, we formulate the

model into two components, latent-space estimation of brain connec-

tivity and data-driven integration of the brain region-level information

including MRI-derived regional cortical volume, thickness, and surface

area as well as PET-derived SUVR values.

For subject i (i = 1,. . . , N), we use Ai ∈RV ×V to denote the network

phenotype in the form of a V by V adjacency matrix. Stacking Ai across

all the subjects, we have the network array A∈RV ×V ×N. In this study,
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wederive the network phenotype using fMRI data, resulting inAi being

a symmetric functional connectome matrix for each subject with diag-

onal elements as zero. For subject i (i = 1,. . . , N), we use Bi ∈RV ×4 to

denote the multivariate matrix containing brain region-level informa-

tion: (1) cortical volume, (2) thickness, and (3) surface area, as well as

(4) PET-derived SUVR values.We formulate themodel as follows.

Ai = 𝜑i + ZZT + Ei, (1)

Bi = 𝜃i+[X, Y]+Ψi , (2)

where Z is the V by K latent connectivity matrix, each row of which, zv
contains the meaningful (without noise) connectivity information for

node v, zv ∈RK,K≪V; ϕi is the fixed intercept accounting for individual
overall connectivity variation; Ei is the V by V symmetric error matrix,

each element of which is ev,v′,i ,v < v′,v,v′= 1,2,..,V, ev,v′,i iid∼ N(0,σ2), and
σ2 is the error variance; X is the V by three regional MRI information

matrix, each row of which, xv contains the meaningful (without noise)

cortical volume, thickness and surface area information for node v; Y

is the V by one PET matrix, each row of which, yv contains the mean-

ingful (without noise) PET-derived SUVR values information for node

v; θi is the fixed intercept accounting for individual attribute variation;
Ψi is the V by four error matrix, each element of which is ϵv,p,i, ϵv,p,i iid∼

N(0,τ2), and τ2 is the error variance.
We used a non-informative prior for the covariance matrix Σ. The

reason is that we aim to assess the relationship between connectivity

and regional attributes in a data-driven fashion, the non-informative

prior for the covariance matrix allows us to assess whether the depen-

dence between connectivity and regional attributes exists without

being biased by prior knowledge. In particular, we assigned a Wishart

(IK+4,K +4+2) prior distribution for Σ, facilitating a nonzero poste-

rior correlation between brain connectivity and node-level attributes.

When the PET-derived SUVR values are significantly related to

brain connectivity, the associated covariance estimate should be sig-

nificantly different from zero based on its posterior distribution.

The approximation of the posterior distributions for the unknown

quantities is facilitated by setting noninformative priors including a

gamma(1/2,1/2) distribution for σe−2 and a N(0,1) distribution for ai.

Similarly, N(0,1) and gamma (1/2,1/2) prior distributions are assigned

for bi and τi−2, respectively.
We used symmetric bilinear effects to capture the higher-order

dependence in the connectivity network preserving transitivity and

modularity structures.58–61 Multiplicative effects such as the bilin-

ear effects models, capture clusterability of network structures, and

networks with varying degrees of clusterability can be well fitted

by such models.58 Given the small-world properties of functional

connectomes,62 likely exhibiting both transitivity and clusterability,

bilinear effects are optimal.

We estimated group-level connectivity latent space across all sub-

jects, and the different persons’ connectivity share the same set

of nodes. We model dependence across different layers (each layer

represents information from one participant) using a shared set of

latent variables. This approach is validated in the latent space joint

model,63,64 and the authors, who propose a shared set of latent vari-

ables across layers, assuming a joint relational structure across sets

of networks. Such an approach has been demonstrated to capture

dependence across layers and improve the overall predictive power of

the model. We capture the associations between functional connec-

tomes with PET and MRI via the covariance of the latent dimensions,

Σ. Regional attributes are modeled mirroring the modeling of the con-

nectivity with exceptions because connectivity and regional attributes

have different dependence structures that warrant different modeling

approaches.

Last, but not least,wepropose to estimateZ,X, andY simultaneously

as follows: (zv, xv, yv)
T iid

∼ MVN

⎛
⎜⎜⎜⎝

⎛
⎜⎜⎜⎝

0K

03

0

⎞
⎟⎟⎟⎠
,
∑
⎞
⎟⎟⎟⎠
, where Σ is the (K + 4) × (K

+ 4) covariance matrix for the brain connectivity, MRI derives regional

metrics and PET-derived SUVR values. When there are nonzero ele-

ments in the off-diagonal matrix of Σmatrix, the connectivity and node

attribute estimations are dependent, and they regulate and inform

each other duringmodel estimation.

The ABC model extends current multiplex network modeling

approaches63,64 to analyze multiple layers of functional networks with

a shared set of regions across the whole brain. It improves the cur-

rent latent space estimation algorithms via multimodality integration,

borrowing regional MRI and PET measurements to improve group-

level functional connectivity estimation with uncertain quantification.

True latent space dimensions reflecting meaningful functional connec-

tome information are separated from random noisy variations, and the

model allows latent space dimensions of multiple imaging modalities,

PET, fMRI, and MRI to covary across brain regions with the degree of

covariation estimated via themodel.

Given the above complexities, the model cannot be estimated by

existing software. We detail a novel Bayesian Markov chain Monte

Carlo (MCMC) algorithm to estimate the proposed joint model.39 The

Bayesian algorithmestimatesmodel parameters in an iterative fashion,

and with sufficient iterations, stable Markov chains can be obtained

to approximate various quantities of the targeted posterior distribu-

tions, which allows uncertainty quantification. Each model was fitted

with500,000 iterationswith a burn-in periodof 500and thinning every

tenth sample. Each model took about 30 h to complete with 3.11 GB

memory and one computing node with one core on the Yale HPC clus-

ter. We found no obvious signs of non-convergence in trace plots; see

examples in the SupplementaryMaterial.

3 RESULTS

We estimated the group-level (including dementia female, demen-

tia male, MCI female, MCI male, healthy female, and healthy male)

functional connectivity while incorporating the brain node attributes

information on the cortical volume, surface areas, average cortical

thickness, and PET. Each of the six groups has 24, 33, 73, 84, 102,

and 94 participants, respectively; the differences in sample sizes
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TABLE 2 Out-of-sample predictive accuracy with different latent space dimensions.

Dimension

Female Male

Healthy MCI Dementia Healthy MCI Dementia

2 0.391 0.402 0.417 0.445 0.412 0.417

3 0.501 0.462 0.466 0.504 0.478 0.483

4 0.533 0.495 0.312 0.539 0.505 0.120

5 0.562 0.539 0.352 0.565 0.539 0.156

6 0.515 0.525 0.118 0.526 0.512 0.109

7 0.122 0.142 0.164 0.131 0.178 0.149

8 0.111 0.135 0.127 0.119 0.099 0.115

Note: The optimal dimension for the data was bolded.

Abbreviation:MCI, mild cognitive impairment.

were addressed within the Bayesian framework in the uncertainty

of the parameter estimation with approximated posterior distribu-

tions. Subsequent pairwise case–control comparisons were conducted

to identify connectivity changes associated with the development of

MCI and dementia and to determine whether such changes exhibit

sex-based differences.

We found multiple aspects of dementia-related sex differences in

functional connectivity changes. First, while dementia patients tended

to show changes in functional connectivity across thewhole brain, par-

ticipants with MCI tended to show more local dysfunctions. Second,

while both males and females exhibited significant loss of connectivity

in the DMN, females showed more DMN-centered hyperconnectiv-

ity, whereas males showed more LS-centered hyperconnectivity. Last,

we observed a stronger association between connectivity changes and

regional centrality in females than in males. Females, compared to

males, tended to exhibit stronger dementia-related changes in regions

that are the central actors of the brain networks.

3.1 Model performance

The quality of fit of the model to data was evaluated based on the out-

of-sample predictive performance. We evaluated the out-of-sample

predictive performance under different numbers of dimensions as

follows:

1. We randomly divided the participants into three sets: training (n−8

subjects,wheren is the group size), validation (average5%), and test

set (average 10%).

2. For each number of dimensions equaling 2, 3, 4, 5, 6, 7, 8, we fitted

the training data to the ABCmodel.

3. We captured the group-level connectivity using the posteriormean

of the estimated latent connectivity variables in the training data.

4. We compared the fit of the model with varying numbers of dimen-

sions using the correlation between the predicted and the observed

connectivity in the evaluation set.

We repeated the process 10 times. Table 2 shows the results of

the average out-of-sample prediction accuracy values on the evalua-

tion data when the number of dimensions is from 2 to 8. The results

showed that the predictive power increased as the number of dimen-

sions increased from two to five for MCI female, MCI male, healthy

female, and healthy male participants, and then decreased as the num-

ber of dimensions continued to increase, the highest predictive power

was observedwith five dimensions. For dementia female and dementia

male subjects, the predictive power increased as the number of dimen-

sions increased from two to three; the highest predictive power was

observed with three dimensions. The prediction accuracy values with

five dimensions forMCI and healthy participants and three dimensions

for dementia participants showed a satisfactory fit of the ABC model

to the data. The prediction accuracy with selected dimensions shows

similar values using the test data.

3.1.1 Less variable functional connectivity is found
in dementia patients

From the stabilizedMCMC chains (see examples in the Supplementary

Materials), we obtained 95% posterior credible intervals (95% CIs) for

each of the estimated connectivity edges. We considered a functional

brain connectivity edge tobe significantwhen the95%CIdoesnot con-

tain zero, significantly positivewhen the lowerbound is above zero, and

significantly negative when the upper bound is below zero. We depict

the estimated whole-brain functional connectivity networks for males

and females in Figure 1A and Figure 2A. The associated 95% CIs for

connectivity edges in DMN, which is often found to be implicated in

neurodgeneration,26,65,66 are reported in Figure 1B and Figure 2B for

males and females. Connectivity edges are ranked by their sizes; large

positive edges are ranked high on the y-axis and large negative edges

are ranked low on the y-axis from the baseline healthy female partic-

ipants. The DMN and other circuits are mapped based on the seven

RSNs and subcortical regions from the Yeo Atlas.50 In Figure 1B and

Figure 2B,we also added the line x=0 for easier identification of signif-

icant and nonsignificant edges. This allows us to demonstrate whether

the 95% CI for the connectivity edges of healthy, dementia, and MCI

participants includes zero or not.

We added a red star for each significantly different connectivity

edge in Figure 1B and Figure 2B, where there is no overlap between
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(A)

(B)

F IGURE 1 (A) Amodel estimated whole-brain functional connectivity networks for healthy (left), MCI (middle), and dementia patients (right)
usingmale participants. Green indicates the presence of positive functional coactivation between a pair of brain regions, and yellow indicates the
presence of negative functional co-activation between a pair of brain regions. (B) Based onmale participants, we compare the 95% credible
intervals of positive connectivity edges between healthy and dementia (leftmost), of positive connectivity edges between healthy andMCI (left
middle), of negative connectivity edges between healthy and dementia (right middle) and of negative connectivity edges between healthy andMCI
(rightmost). Connectivity edges are ranked by the intensity of the connections; large positive edges are ranked high on the y-axis and large
negative edges are ranked low on the y-axis based on the baseline healthy female participants. Significant differences are highlighted in red. MCI,
mild cognitive impairment.

the 95% CIs for healthy and MCI/dementia participants. This was

derived from the posterior distributions for connectivity edges, given

the data and our prior knowledge. This highlights the brain structures

that are significantly different between healthy and MCI or dementia

participants, which have the potential to guide the future develop-

ment of neuroimaging biomarkers. For each clinical group, the 95% CI

for the estimated connectivity was obtained from their posterior dis-

tributions with our proposed algorithm: the true connectivity value

falls in this interval with 95% probability. Larger heterogeneity in con-

nectivity edge estimates was found among healthy participants than
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(A)

(B)

F IGURE 2 (A) Amodel estimated whole-brain functional connectivity networks for healthy (left), MCI (middle), and dementia patients (right)
using female participants. Green indicates the presence of positive functional co-activation between a pair of brain regions, and yellow indicates
the presence of negative functional co-activation between a pair of brain regions. (B) Based on female participants, we compare the 95% credible
intervals of positive connectivity edges between healthy and dementia (leftmost), of positive connectivity edges between healthy andMCI (left
middle), of negative connectivity edges between healthy and dementia (right middle) and of negative connectivity edges between healthy andMCI
(rightmost). Connectivity edges are ranked by the intensity of the connections; large positive edges are ranked high on the y-axis and large
negative edges are ranked low on the y-axis based on the baseline healthy female participants. Significant differences are highlighted in red. MCI,
mild cognitive impairment.

MCI and dementia patients, particularly between regions with strong

connections, for both positive and negative connectivity edges. In

Figure 1B and Figure 2B, healthy participants tended to show wider

95% CIs than MCI and dementia patients, which suggests that there

is a higher level of heterogeneity in functional connectivity among

healthy participants than among MCI and dementia patients. At the

same time, the intervals were notably wider for edges with largermag-

nitude and narrower for null edges whose strength are estimated to be

close to zero. This differentiation is present for both males and female

participants, and for healthy, MCI, and dementia patients. However,
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the differences are more evident in healthy participants. Meanwhile,

perhaps unsurprisingly, Figure 1 and Figure 2 showed mostly consis-

tent whole-brain functional connectivity networks betweenmales and

females with localized differences. Overall, edges that tended to have

large positive estimates for males also tended to have large positive

estimates for femaleswith exceptions. For example, connectivity edges

1, 115, 172, and 15 in Figure 1B were more strongly connected in

males than in females. We further explored these differences in the

next section.

Based on healthy female subjects, we found significant associations

between cortical volume and average thickness (95% CI of [0.3197,

0.8207]), average thickness and surface area (95% CI of [0.4748,

0.9963]), average thickness andPET (95%CI of [0.4917, 0.9977]), aver-

age thickness and PET (95% CI of [0.9936,1.0000]). This result was

consist across all six groups.

In Figure 1, we found significant hyperactivity associated with

dementia compared with healthy participants in five connectivity

edges for males and significant hypoactivity associated with demen-

tia compared with healthy participants in four connectivity edges for

males. In Figure 2, we found significant hyperactivity associated with

dementia compared with healthy participants in three connectivity

edges for females and significant hypoactivity associated with demen-

tia compared with healthy participants in two connectivity edges for

females. Compared with males, females tended to experience signifi-

cant changes in connectivity associatedwith theedges that have strong

connectivity, a finding that was further illustrated.

3.1.2 Dementia-associated dysfunction shows
sex-based differences in location

To investigate dementia-associated changes in functional connectiv-

ity, we performed case–control comparisons, where we compared the

estimated group-level connectivity for the healthy participants against

the connectivity for dementia patients and people with MCI. We per-

formed this analysis separately for males and females in Figure 3 and

Figure 4. Similarly for males and females, we found overall less intense

and more local changes in functional connectivity in MCI participants

than dementia patients. Compared to healthy participants, dementia

patients exhibited changes in functional connectivity across the whole

brain (Figures 3A and 4A), whereas more local changes were found in

MCI participants (Figures 3B and 4B).

In Figures 3B and 4B, we found differences in the locations of the

functional changes associated with the development of MCI between

males and females. Formale and femaleMCI participants, we observed

more consistent loss of connectivity within each functional circuit than

between,whichwas also true for dementia patients. Betweenmale and

female MCI participants, more loss was observed in the somatomotor

functional circuit for males, and more loss was observed in the visual

system for females. To further pinpoint these changes in anatomical

locations, we provide a visualization of the changes across the whole

brain grouped by the anatomical lobes in the SupplementaryMaterials.

Between male and female MCI participants, we found a stronger loss

of functional connectivity in regions of the occipital lobe for females

than formales. Bothmales and females experienced strong loss of func-

tional activity in the occipital lobe during the dementia phase. Another

region showing notable sex-based differences in functional connectiv-

ity changes was the parietal lobe. We found regions of the parietal

lobe to be overly active for female dementia patients, but they showed

neural or slightly less activity for male dementia patients. Overall, we

found sex-based differences in functional connectivity neurodegener-

ation between males and females, which showed a potential link with

our previous investigation of structural connectivity neurodegenera-

tion identifying occipital and parietal lobe regions differences in the

deterioration of white matter fiber tracks.39 The mechanism behind

the functional and structural changes in neurodegeneration is unclear

at this point, and future studies are needed.

3.1.3 An imbalance between excitatory and
inhibitory mechanisms leads to whole-brain
destabilization in dementia patients

We found decrease in network segregation associated with neu-

rodegeneration, building on a previous work showing decrease in

segregation associated with aging.25 We report statistically signifi-

cant changes in functional connectivity associated with dementia for

females (Figure 5A) and males (Figure 5C), and we look at the distri-

bution of the significant changes across functional circuits for females

(Figure 5B) and males (Figure 5D). Statistical significance was estab-

lished by taking into account uncertainty of the connectivity estimates

in their posterior distributions under the Bayesian paradigm. For both

males and females, with the development of dementia, there was a

loss of intra-network functional connectivitywhile inter-network func-

tional connections exhibited overactivation. This suggests an overall

loss of network segregation with dementia, where stronger connec-

tivity between functional circuits emerges with weaker connectivity

within each functional circuit. This whole-brain system change indi-

cates an imbalance between neural firing and synaptic plasticity,

which can further contribute to neurodegeneration and cognitive

impairment.20,21,28

In addition, we found differences between males and females in

their excitatory or inhibitory imbalances associatedwith dementia. For

females, DMN seems to be a key in both hypoactivity and hyperac-

tivity in dementia. For males, we see hypoactivity concentrated with

DMN and its connected circuits, but in terms of hyperactivity, we see

stronger changes in LS than inDMN. In addition toDMNandLS,wealso

see frontoparietal (FP) and ventral attention (VA) systems implicated in

dementia. Our results build onto existing literature demonstrating key

roles that LS and DMN play in neurodegeneration, as well as provide

new evidence for sex-based differences in dysfunction associated with

dementia andwhole-brain destabilization.
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F IGURE 3 Estimated connectivity difference between healthymales and dementia males (A) and between healthymales andMCImales (B).
The connectivity difference between healthymales and dementia males in functional systems (blue: dementia> healthy; yellow:
healthy< dementia): visual system (C), LS (D), somatomotor (E), frontalparietal (F), dorsal attention (G), DMN (H), visual association (I), and
subcortical (J). DMN, default mode network; LS, limbic system;MCI, mild cognitive impairment.

3.1.4 Stronger links are found between centrality
and neurodegeneration in females than in males

Last, we investigated the role of brain region centrality in neurodegen-

eration. Between males and females, regions with high node centrali-

ties in females also showed high centralities inmales, although females

had a wider range of centralities across the whole brain than males

(Figure 6A and Figure 6B). The centrality is defined as the row sums of

the positive or negative connectivity in the referencematrices, healthy

female and healthy male groups, respectively. More specifically,
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F IGURE 4 Estimated connectivity difference between healthy females and dementia females (A) and between healthy females andMCI
females (B). The connectivity difference between healthy females and dementia females in functional systems (blue: dementia> healthy; yellow:
healthy< dementia): visual system (C), LS (D), somatomotor (E), frontalparietal (F), dorsal attention (G), DMN (H), visual association (I), and
subcortical (J). DMN, default mode network; LS, limbic system;MCI, mild cognitive impairment.

female subjects possessed extremely active regions, and females had

more brain regions with centralities larger than 0.16 compared to

males (Figure 6A). This differentiation between males and females is

replicatedwith centralities based on negative functional edges but to a

lesser degree.

For both females and males, changes in positive functional

connectivity edges tended to have positive associations with

centralities (Figure 6A), with females showing stronger associa-

tions than males. For negative functional edges, the differences

between healthy and patient populations tended to have negative
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F IGURE 5 Statistically significant changes in functional connectivity with female (A) andmale (C) dementia patients, compared to healthy
participants across the whole brain. Red indicates a significant loss of functional connectivity associated with dementia, and blue indicates
significantly overactive functional connectivity associated with dementia.We also show the proportion of significant changes found in each
functional circuit and between each pair of functional circuits out of all significant changes for females (B) andmales (D).

associations with centralities in the female population, but with no or

mixed relationships in the male population. Overall, dementia effects

tended to be larger for central actors of the network, and this finding

was more consistent in the female population than in the male popula-

tion. In Figure 6C, we see that, for both females and males, there were

differences in brain connectivity among healthy-less-than-dementia,

nonsignificant, and healthy-stronger-than-dementia functional imag-

ing biomarkers, but the differentiation is less obvious for males. For

females, strong connectivity edges tended to be affected by dementia,

whereas, for males, the trendwas less obvious.

4 DISCUSSION

In this study, we show that network topology plays an active role

in neurodegeneration with evidence supporting the presence of an

imbalance between excitatory and inhibitory mechanisms leading to

whole-brain destabilization in dementia patients. Our results are

consistent with the current literature pinpointing the critical role

that DMN plays in typical AD dementia34–36 and confirm that both

hypoactivity and hyperactivity are present in DMN with the devel-

opment of dementia.34,35 Furthermore, we find that females show

more DMN-centered hyperactivity, whereas males show more LS-

centered hyperactivity, while both show DMN-centered hypoactivity.

We find that females, compared to males, exhibit stronger dementia-

related changes in regions that are the central actors of the brain

networks. Our study demonstrates the promise of uncovering the

topological structure associated with pathologic aging and encourages

future investigations of the underlying mechanisms between network

structures and datamodalities.

Our study extends the current knowledge about the sex differences

in dementia and aging. Our study bridges together current knowl-

edge about sex-based differences in key functional circuits such as

DMN27 and sex-based differences in “healthy” versus pathologic aging

in terms of network segregation.26 Evidence supports sex differences

in key functional circuits such as DMN. DMN-associated intra- or
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F IGURE 6 Mean connectivity difference between healthy andMCI/dementia participants as a function of node centrality for positive
connectivity edges (A) and negative connectivity edges (B).We use healthy female participants as the baseline to calculate node centrality as well
as to differentiate positive from negative functional connectivity edges. Boxplots of connectivity values for significant and non-significant imaging
biomarkers (C). MCI, mild cognitive impairment.

internetwork hyperconnectivity has been associatedwith AD risk,34,65

and progressive DMN hypoconnectivity has been associated with clin-

ical AD illness.35,36 Women, comparedwithmen, have been foundwith

higher connectivity with age in posterior DMN regions.27

Current research on sex differences in the aging brain shows dif-

ferences in DMN functional connectivity, but this line of research is

generally disconnected from investigations about the sex differences

in topological changes in the brain, for example, changes in network

segregation. Evidence supports that women rely more on between-

circuit connectivity, and men show stronger modularity through-

out aging.67,68 Healthy aging women tend to show lower network

segregation.67

Our study bridges these two theories together. Our results suggest

that males and females show substantial differences in how dementia

impacts brain functions. Males and females differ in dysfunction loca-

tions; females showed more DMN-centered hyperactivity, whereas

males showed more LS-centered hyperactivity, while both showed

DMN-centered hypoactivity. Furthermore, our study shows that these

sex differences in functional connectivity occur simultaneously with

changes in the topological structures of brain functional networks.

We observe a stronger association between connectivity changes and

regional centrality in females than in males. Our study uniquely con-

tributes to the current literature by providing a more comprehensive

picture of neurodegeneration linking centrality, network segregation,

and DMN-centered changes in functional connectivity, and how these

key components of neurodegeneration differ between the sexes.

Last, but not least, our study is significant because it highlights

the disparity between males and females in typical AD dementia.

Women, in addition to having a higher risk for developing typical

AD dementia,69 face a faster rate of pathology accumulation and

more severe symptoms.70,71 Given women’s elevated risk for AD and

increased longevity compared to men, understanding the etiology,

pathophysiology, and progression of dementia in women and how they

differ from men is critical for early detection and interventions, which

could have a substantial impact on delaying or preventing dementia’s

devastating effects in people’s daily lives as well as the sustainability of

the healthcare system.
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