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A B S T R A C T

Functional gradients offer a novel, synthetic and interpretable view of functional connectivity. By integrating 
gradients, graph theory, morpho-volumetric indices, amyloid status, and regional tau burden, we aim to un
derstand how cognitive decline relates to functional and structural brain changes. We analyzed 279 participants 
from the Alzheimer’s Disease Neuroimaging Initiative (ADNI) database with available functional, structural, and 
proteomic data at baseline and at 2-year follow-up, alongside detailed assessments of verbal memory abilities 
(encoding, retrieval and recall). Results at baseline revealed distinct patterns based on amyloid status and clinical 
severity. In individuals with positive amyloid status, increased functional dispersion of the Default Mode 
Network (DMN) correlated with poorer memory, while in individuals with negative status higher dispersion was 
associated with better performance. Notably, middle temporal regions exhibited connectivity profiles opposite to 
other DMN areas. We also observed that regions where gradients’ dispersion predicted impaired memory per
formance showed preserved structural integrity but had a more widespread connectivity profile. Baseline 
dispersion predicted future memory decline, showing consistent patterns across positive and negative amyloid 
groups—higher dispersion was linked to faster memory decline, except in tau-rich regions like the temporal 
cortex, where it was advantageous. Furthermore, higher dispersion was associated with future tau buildup and 
morphological alterations. This study extends a previous investigation and evaluates the utility of a multimodal 
framework in tracking disrupted DMN activity as an early marker of reduced coherence in communication 
among brain regions, possibly having a predictive value for future progression of cognitive decline.

1. Introduction

Alzheimer’s disease (AD) is the most common form of neurodegen
erative disorder, posing significant burden on individuals (Lanctôt et al., 
2024) and society (Nandi et al., 2022). As a complex and multifactorial 
pathology, AD can be described at different levels of abstraction. For 
instance, at a biological level, AD can be portrayed based on 

pathology-dependent spreading patterns of amyloid and phosphorylated 
tau deposits (Braak and Braak, 1991). At a neural level, it can be char
acterized in relation to its patterns of functional and structural alter
ations, while at the cognitive level, the patients’ history of progressive 
memory, language, attention and executive dysfunctions guides clinical 
diagnostic criteria (Buckner et al., 2005; Tarawneh and Holtzman, 
2012). To gain a more unitary view of the disease across all its levels, 
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connectome-based approaches have gained interest as a possible method 
to address the interplay among the different aspects of AD pathophysi
ology, i.e. to understand the interdependent relationship between 
structural/functional alterations, amyloid/tau deposition and cognitive 
impairment (Yu et al., 2021). This has been particularly promoted by the 
biological framework of disease diagnosis and staging based on amyloid 
(A), pTau (T) and neurodegeneration (N) status (i.e., the ATN model) 
(Jack et al., 2018).

Within the ATN framework, the study of the Default Mode Network 
(DMN) has gained particular interest. The DMN is a resting state 
network consisting of the medial prefrontal cortex, posterior cingulate 
cortex, precuneus, and bilateral inferior parietal cortices, with a 
particular role in self-reference, social cognition, language, mind wan
dering and episodic memory (Menon, 2023), as well as higher order 
executive functions across the lifespan (Menardi et al., 2024). Although 
the DMN is not the only network affected by AD pathology, it is the most 
prominent given its early functional disruption linked to pathology 
onset and its greater overlap with the spatial distribution of proteinop
athy, hypometabolism and atrophy spreading in this disease (Buckner 
et al., 2005; Hampton et al., 2020; Hu et al., 2022; Perovnik et al., 2023; 
Wang et al., 2024a; Zhou et al., 2022). Furthermore, several studies have 
linked the presence of amyloid and tau deposits to a progressive loss of 
connectivity in the affected regions, involving mainly, but not only, the 
DMN (for a review, see Yu et al., 2021).

In the field of connectivity, gradients’ analyses are a recently pro
posed approach to investigate interindividual differences in functional 
differentiation (Bernhardt et al., 2022). In more detail, these are based 
on the definition of macroscale axes of functional organization in the 
cortex that have been observed across species (Margulies et al., 2016). 
The most informative gradients of functional organization extend from 
primary sensory regions to transmodal regions (first gradient), from 
somato-motor to visual regions (second gradient) and across 
task-positive and task-negative regions (third gradient) (Alberti et al., 
2025; Hong et al., 2020; Margulies et al., 2016). This approach allows us 
to track changes in the hierarchy of cortical organization that might be 
linked to interindividual differences in behavior, proxies of pathology 
(Bernhardt et al., 2022), and changes in the differentiation between 
systems (Bethlehem et al., 2020). As in aging and pathology these latter 
changes might be expected to interest multiple gradients simulta
neously, Bethlehem and colleagues introduced a measure of dispersion to 
investigate multi-dimensional differences in cortical organization (i.e., 
across multiple gradients’ spaces at once) (Bethlehem et al., 2020). 
While in the original paper this measure was used to estimate changes in 
connectivity between- and within- functional communities, in the pre
sent study we applied it at the single parcel level to map the progressive 
functional differentiation of DMN nodes as a function of pathology that 
we expected to be captured by an increase in dispersion, and hypothe
sized that it would be associated with cognitive decline and clinical 
severity. While this approach is useful to chart the functional shifting of 
a brain region, it is less informative to describe how this change alters 
the role of that brain region in mediating information transfer within the 
brain. To address this limitation, we combined regional gradients’ 
dispersion measures with topological indexes derived from a graph 
theory analysis, a highly generalizable mathematical approach useful to 
study complex networks (Bullmore and Bassett, 2011). When applied to 
the brain, networks are generated by modeling regions as nodes, and 
their functional (or structural) connections as edges (Rubinov and 
Sporns, 2010). Topological and geometric properties of the brain graph 
can then be investigated by a rich set of measures (Rubinov et al., 2009). 
For the purpose of this study, we relied on graph theory to determine if 
changes in gradients’ dispersion could be explained by: i) an overall loss 
in the connectivity strength of DMN regions (nodal strength); ii) a shift 
of communication pathways towards different functional communities 
(participation coefficient); or iii) a loss in the overall centrality of DMN 
nodes in the brain network (betweenness centrality). While functional 
alterations might happen in the absence of biomarkers of atrophy or 

hypometabolism in prodromal AD stages (Palmqvist et al., 2017), more 
complex co-dependences are observed at later stages (Talwar et al., 
2021).

In a recent study (Menardi et al., 2025), we described how 
morphological changes within the DMN (cortical thinning, gyrification 
and sulcal depth) are predictive of memory performance, highlighting 
the differential susceptibility of these measures to the individual amy
loid status and degree of cerebral tau burden. The present study aims at 
expanding this earlier evidence by investigating DMN system failure 
from a functional perspective, particularly by leveraging on gradients 
analyses. This is motivated by the fact that examining functional alter
ations of the connectome—not just structural changes in its regions—is 
crucial, as these may serve as earlier biomarkers of pathology, preceding 
the neuronal loss detected by atrophic measures and helping to deter
mine the temporal window during which disease-modifying in
terventions should be implemented (Yu et al., 2021). Only a small 
number of multimodal studies has simultaneously investigated the 
relationship between functional disconnection and structural alter
ations, and how this interaction is influenced by amyloid/tau deposits in 
predicting long-term cognitive decline in the same patients’ population. 
In particular, no study has relied on regional dispersion values in the 
gradient space to characterize progressive network disaggregation, nor 
has any work investigated how this relates to regional structural and 
topological changes. As for the use of gradient analysis, prior in
vestigations have shown a link between cognitive decline and gradients’ 
variance reduction both at the whole brain level (Hu et al., 2022), and in 
selective regions (i.e., the medial parietal cortex) (Veréb et al., 2023), as 
a function of gene expression (Wang et al., 2024b) and tau pathology 
(Ottoy et al., 2024). To our knowledge, only one prior study has 
investigated dispersion measures in AD (He et al., 2023). However, 
dispersion measures were used to characterize the global loss of func
tional differentiation in whole-brain connectivity patterns, without 
assessing its association with amyloid and tau burden or structural 
morphological alterations.

2. Materials and 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 ADNI was launched in 2003 as a public-private 
partnership, led by Principal Investigator Michael W. Weiner, MD. The 
original goal of ADNI was to test whether serial magnetic resonance 
imaging (MRI), positron emission tomography (PET), other biological 
markers, and clinical and neuropsychological assessment can be com
bined to measure the progression of mild cognitive impairment (MCI) 
and early Alzheimer's disease (AD). The current goals include validating 
biomarkers for clinical trials, improving the generalizability of ADNI 
data by increasing diversity in the participant cohort, and to provide 
data concerning the diagnosis and progression of Alzheimer’s disease to 
the scientific community. For up-to-date information, see adni.loni.usc. 
edu. Informed consent was obtained from all participants enrolled by the 
ADNI consortium prior to participating in data collection, in accordance 
with the Declaration of Helsinki (https://adni.loni.usc.edu/help-faqs/ 
adni-documentation/).

The sample of participants is the same as described in (Menardi et al., 
2025). Briefly, we initially considered 575 participants from the 3rd 
cohort of ADNI (healthy controls-HC = 183, MCI = 321, AD = 71) for 
which structural, functional and cognitive variables were available for at 
least 2 timepoints: baseline and 2 years follow-up (Y2). Some partici
pants (n = 13 MCI; n = 5 AD) were later excluded due to high motion 
inside the scanner (framewise displacement greater than 0.5 mm). Our 
participants’ group was then further down sampled to retain only par
ticipants with available Amyloid (A, status is defined as positive or 
negative ±) and Tau PET data acquired within 6 months from the MRI 
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acquisition. This resulted in n = 129 A+ (M = 74.7 ± 9.8 years of age) 
and n = 150 A- (M = 72.1 ± 7.8 years of age) at baseline and n = 78 A+
and n = 98 A- at Y2. Information on Discontinuation and Withdrawal of 
patients is available on the ADNI website (https://adni.loni.usc.edu/).

2.2. Cognitive evaluation

In this study, the Mini Mental State Examination (MMSE) and the 
Embic Digital Cognitive Biomarker scale (EMBIC-DCB) were used as 
measures of cognitive functioning. In detail, MMSE scores were used as 
estimates of individual global cognitive performance to infer the level of 
clinical severity of the patients. Indeed, rather than stratifying partici
pants according to diagnostic status (HC, MCI and AD), we used their 
MMSE scores as a continuous proxy of disease severity in the models (see 
Statistical Analyses paragraph). Additionally, the EMBIC-DCB scale was 
chosen to monitor memory impairments, given its reported higher 
sensitivity to early memory failure, enabled by the use of a Bayesian 
cognitive hierarchical model applied at the single item level across 
multiple word-recall lists to derive encoding, retrieval and recall effi
ciency estimates (for a more in depth explanation of the scale refer to 
Bruno et al., 2024 and Lee et al., 2020) and the original ADNI docu
mentation). EMBIC-DCB scores are available for up to 10 years of 
follow-up but to retain enough statistical power, we focused on baseline 
and year 2 measures (Y2).

2.3. Neuroimaging data

2.3.1. Structural MRI
Structural MRI data were analyzed as described in (Menardi et al., 

2025). Briefly, preprocessing of the structural images involved brain 
extraction and bias field correction by means of ANTs (Advanced 
Normalization Tools) (antBrainExtraction and N4BiasFieldCorrection 
functions) (Tustison et al., 2021). The FSL FAST algorithm was used to 
perform tissue segmentation (Zhang et al., 2001), followed by MNI 
normalization by means of ANTs (Tustison et al., 2021). Finally, regional 
structural measures of cortical thickness, gyrification and sulcal depth 
were extracted by means of CAT12 (Gaser et al., 2024). Thickness and 
gyrification indexes were extracted following a smoothing of 15 mm and 
20 mm FWHM filters, respectively, following CAT software 
recommendations.

2.3.2. Functional MRI
fMRI data were acquired on a 3T Siemens PRISMA scanner 

(TR = 3000 ms, TE = 30 ms, flip angle = 90◦, number of vol
umes = 197, voxel size (isotropic) = 3.4 mm, 64×64×48 matrix, total 
acquisition time = 15 min). Preprocessing of the functional images 
involved slice timing correction, motion correction with mcflirt 
(Jenkinson et al., 2002), distortion correction based on field maps 
acquisition and bias field correction with ANTS (Tustison et al., 2021). 
FLIRT was used to coregister each participant’s functional and 
anatomical volume using 7 degrees of freedom and a boundary-based 
constriction relying on each individual white matter mask (Greve and 
Fischl, 2009). CompCor (Components based Noise Correction) (Behzadi 
et al., 2007) and ART (Artifact Rejection Toolbox) functions were 
further applied to perform scrubbing and remove additional noise 
components following the CONN denoising pipelines (Nieto-Castanon, 
2020). Spatial smoothing with a gaussian kernel with a full width at half 
maximum of 8 mm was applied. Finally, the Schaefer 400 functional 
parcellation (Schaefer et al., 2018) was applied to individual EPI space 
by using the inverse of the transformation matrices of structural 
normalization and structural-functional coregistration.

2.3.2.1. Graph Theory measures. The individual functional connectivity 
matrix was constructed based on the Pearson’s correlation across the 
timeseries of all 400 parcels. Correlational values inside the matrix 

underwent normalization (Fisher z-score) and strict multiple compari
son correction by retaining only the 10 % of the strongest ties within the 
matrix. This stringent approach minimized risk of false positive con
nections that might result in artefactual graph theory measures, while 
easing the comparison with gradients-derived connectivity measures for 
which a similar threshold is applied prior to their computation (see next 
paragraph). We have applied this approach in another prior work by 
some of the authors (Alberti et al., 2025).

In this study, we focused on three nodal graph theory measures that 
were computed in Matlab 2023a (MathWorks, Natick, MA) relying on 
the available functions of the Brain Connectivity Toolbox (https://sites. 
google.com/site/bctnet/) (Rubinov et al., 2009). The following mea
sures were chosen because they highlight the role of DMN regions in 
mediating information transfer within and between network(s) 
(Rubinov and Sporns, 2010): 

- Nodal strength (NS): measured as the sum of the weights of the edges 
connecting to one node. Nodes with higher NS will hence benefit 
from strongest functional connectivity;

- Participation Coefficient (PC): a measure of diversity of intermodular 
connections, such as that nodes with high PC values will tend to 
share edges with nodes belonging to different modules;

- Betweenness Centrality (BC): measured as the fraction of shortest 
paths going through a given node. A node with high BC, therefore, 
will be central in the network as many short paths pass through it.

2.3.2.2. Functional Gradients. Gradients were computed using the 
BrainSpace Toolbox (Vos de Wael et al., 2020) starting from the indi
vidual functional connectivity matrix that was thresholded to retain 
only the top 10 % of the connections (number of edges retained = 16, 
000). This level of sparsity reflects a default parameter in Gradient 
Computation that minimizes risk of false positive connections that could 
possibly alter truthful gradients’ extraction. In this study, we opted to 
extract gradients using a normalized angle kernel and a diffusion 
embedding approach, resulting in an initial definition of 10 components. 
This methodological choice ensured that gradients’ order remained 
stable across participants compared with using other kernels and/or 
dimensionality reduction techniques. This represents a prerequisite for 
the alignment procedure, described next. Following the examination of 
eigenvalues, we focused on the first three gradients, as these explained 
most variance in the data (see Fig. 1A). To ensure gradients compara
bility across individuals, they were aligned to the average gradient of the 
healthy controls through Procrustes analysis.

Finally, we computed a measure of regional gradients’ dispersion that 
represents the Euclidean distance of the gradients’ values in every DMN 
parcel from the median gradients’ values of their network (Bethlehem 
et al., 2020). The higher the dispersion of one parcel, the more the parcel 
has a connectivity profile that is functionally different from that of the 
network it should be part of. In other words, dispersion can be consid
ered a measure of decoupling.

2.3.3. PET Imaging
Dichotomization of amyloid status (±) was derived from the ADNI 

repository (ADNI_UCBerkeley_AmyloidPET), which applies a cutoff of 
1.11 standard uptake value ratios (SUVR) for florbetapir and 1.08 SUVR 
for florbetaben. For Tau deposition, we included only participants who 
had undergone Tau PET scans (ADNI_UCBerkeley_TauPET) with the 
same tracer (flortaucipir). Tau PET SUVR are already provided corrected 
for partial volume effects and intensity normalized using the inferior 
cerebellar grey matter as reference region. However, because tau SUVR 
values are provided according to the Desikan-Killiany Atlas 40, we 
carried out a vertex-to-vertex correspondence analysis between the 
Schaefer and Desikan-Killiany atlases at the cortical surface level, 
thereby mapping tau deposits to Schaefer parcels based on their overlap 
with Desikan-Killiany regions as described in Menardi et al., 2025. 
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Measures of tau deposition were used as a continuous variable in our 
analyses.

For both amyloid and tau imaging, only participants who had a PET 
scan within six months from their MRI acquisition were included, 
ensuring temporal alignment between modalities and reducing the 
likelihood that biological changes over longer time intervals would 
confound interpretations (Schuff et al., 2009). The distribution of the 
average DMN thickness and tau SUVR values, as well as their joint dis
tribution, for A+ and A- individuals is shown in Supplementary Figure 1.

2.4. Statistical Analyses

Statistical analyses were run in Matlab 2023a (The Mathworks, Inc., 
Natick, MA, United States). We analyzed A+ and A- individuals sepa
rately in consideration of the impact of amyloid positivity in shaping 
functional connectivity alterations (Yu et al., 2021). First, one-way 
Analysis of Variance (ANOVA) models were used to check for signifi
cant differences in the mean DMN dispersion values across participant 
groups (HC, MCI and AD). Then, multiple linear regression analyses 
were used to test if gradients’ dispersion, graph theory (nodal strength, 
participation coefficient, betweenness centrality) and structural mea
sures (gyrification, thickness, sulcal depth) could predict EMBIC-DCB 
performance. We followed the same analytical approach as described 
in our earlier work (Menardi et al., 2025). However, while in that study 
we had only focused on the predictive power of DMN morphological 
measures, in this study we extended our investigation to include more 
comprehensive, multidomain analyses of both structural and functional 
indexes of DMN integrity, or lack thereof. In brief, encoding (N1, N2, N3, 
N4), retrieval (R1, R2, R3) and recall (M1, M2, M3) scores from the 
original EMBIC-DCB scale were averaged into single measures (N, R, M), 
to minimize risk of multiple comparisons. Individuals’ age, MMSE 
scores, years of education, framewise displacement and regional tau 
burden were included as covariates in the analyses, together with their 

interaction with the predictors. This represents an attempt to study the 
association between AD pathology and cognitive decline within the ATN 
framework. Rather than carrying out our analyses using models based 
on rigidly defined diagnostic groups (e.g. HC, MCI and AD), we built 
models in which indices of amyloid status (A), cerebral tau accumula
tion (T) and structural alteration (N) were considered. The significant 
interactions among such predictors were then examined to characterize 
the association between pathological aging and cognitive performance 
along a biological continuum. Multicollinearity in the models was 
checked by ensuring that the variance inflation factor remained ~1. 
Furthermore, outliers were removed based on the models’ residuals, as 
determined by a cut-off of ±3 scaled absolute deviations from the me
dian (average n = 3 participants). To meet the objectives of this study, 
we were interested in assessing the presence of significant interactions 
between regional dispersion and MMSE. For those significant nodes, we 
also aimed to determine: i) the relationship between regional dispersion 
and tau deposits in A+ and A- groups; ii) the interaction between 
regional dispersion and graph theory measures in A+ and A- groups; iii) 
and the interaction between regional dispersion and structural measures 
in A+ and A- groups. To control for the risk of multiple comparisons, 
only models surviving FDR (p = 0.05) correction were considered.

Finally, we conducted Pearson’s correlation analyses to test whether 
baseline regional dispersions would predict future tau deposits and at
rophy within the same regions. A methodological workflow representing 
the main data, variables of interest and analysis plan is schematized in 
Fig. 2.

3. Results

3.1. DMN dispersion as predictor of baseline memory performance

In line with the known involvement of the DMN in AD, ANOVA 
revealed a significant increase in dispersion values as a function of 

Fig. 1. Functional Gradients. A. Eigenvalues plot of the first 10 components. Higher eigenvalues indicate more important components in explaining functional 
connectivity patterns. B. Order of functional connectivity gradients after Procrustes analysis, resulting in the visual-sensorimotor (gradient 1), sensory-insular 
(gradient 2) and sensory-DMN (gradient 3) connectivity axis. C. Regional gradients values presented in 3D space, as well as on the cortical surface.
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pathology (F(2,554)= 4.93, p = 0.007), with post hoc analyses discrimi
nating HC (M = 43.15±14.3) from MCI (M = 46.7 ± 15.4, p = 0.038) 
and AD (M = 49.3 ± 18.3, p = 0.014) patients, but not between MCI and 
AD (p = 0.41). Furthermore, lower MMSE scores were associated with 
higher DMN dispersion (r = − 0.14, p = 0.0013). To understand better 
the association between regional dispersion and cognitive decline, 
multiple linear regression models were run, separately for A+ and A- 
individuals. All models were corrected to minimize risk of multiple 
comparisons using FDR (p < 0.05).

Interestingly, we observed marked opposite patterns in the rela
tionship between DMN dispersion and memory performance in the A+
and A- groups, with the regions emerging as significant mostly located in 
the left hemisphere in both groups. This appears in line with the verbal 
nature of the stimuli used to assess memory performance.

In the A+ group, we observed that several regions emerged as sig
nificant predictors of encoding (number of significant regions = 11), 
retrieval (number of significant regions = 4) and recall (number of 
significant regions = 14) as a function of clinical severity (MMSE score). 
In more detail, increased dispersion of frontal and posterior parietal 
regions (left dorsomedial prefrontal cortex - DMPFC, left dorsolateral 
prefrontal cortex - DLPFC and left inferior parietal lobule - IPL) was 
associated with poorer encoding and recall performance (see Fig. 3A), 
while regions in the bilateral middle temporal gyrus (MTG) showed an 
opposite pattern across conditions, with higher functional differentia
tion being associated with better performance.

In the A- group, we prevalently observed positive relationships be
tween the degree of functional differentiation of DMN regions and 
performance at encoding (number of significant regions = 16), retrieval 
(number of significant regions = 8) and recall (number of significant 
regions =16). More specifically, these regions were located in the 
DLPFC, DMPFC, inferior temporal gyrus, anterior and posterior cingu
late regions (ACC, PCC), mainly in the left hemisphere (see Fig. 3A). As 
noted for the A+ group, the left MTG also presented an inverted pattern, 
with higher dispersion being associated with worse encoding and recall 
performance.

Overall, these results suggest that greater functional dispersion of the 
DMN is associated with worse memory performance in the pathological 

group (A+), whereas the opposite is true in the non-pathological sample 
(A-), whose performance was facilitated by a certain degree of func
tional differentiation. Bilateral temporal regions present a pattern of 
their own, opposite to the rest of the DMN.

Models’ statistics are available in Supplementary Tables 1 and 2 of 
the Supplementary Materials.

3.2. Baseline DMN dispersion and tau pathology

Given recent evidence on the connectome-based spread of tau pa
thology (Franzmeier et al., 2020), we decided to look specifically at the 
interaction between DMN regional dispersion and tau deposits as a 
function of amyloid status.

In the A+ population, we observed a significant difference in the 
average amount of tau deposits (F(2,126)= 7.61, p = 0.0008), with 
significantly higher values in AD patients (MSUVR= 1.82±1.04) than in 
MCI (MSUVR= 1.45±0.58, p = 0.003) and HC (MSUVR= 1.67±0.14, p =
0.04) individuals. On the other hand, in the A- population, we observed 
no difference in the accumulation of tau between HC and MCI in
dividuals (t(144)= 1.06, p = 0.289). Furthermore, MMSE scores were 
negatively associated with average DMN tau deposits in the A+ popu
lation (r = − 0.50, p < 0.0001), but not in the A- group (r = − 0.15, p =
0.076). Finally, age was negatively associated with tau deposits in the 
A+ group (r = − 0.27, p = 0.001) but positively associated in the A- 
group (r = 0.28, p = 0.0007). This pattern confirms that tau accumu
lation is linked to younger age in the presence of amyloid pathology 
(Jack et al., 2020; Whitwell et al., 2019), while in individuals with a 
negative amyloid status, accumulation of tau pathology seems to in
crease with advancing age, a condition known as primary age-related 
tauopathy (PART) (Crary et al., 2014).

In terms of the interaction between regional dispersion and tau de
posits as predictor of memory performance, we also observed opposite 
patterns between A+ and A- individuals (see Fig. 4). In the A+ group, 
significant negative interactions were mainly observed in the left MTG 
and bilateral ACC. This finding suggests that the greater the amount of 
tau deposits within these regions, the more their functional dispersion is 
associated with poorer memory performance. Interestingly, an 

Fig.2. Methodological workflow. Structural and functional data available at baseline and at 2-year follow-up were retrieved from the ADNI dataset (A). The 
Schaefer functional parcellation was used to divide the cerebral cortex in 400 regions of interests and seven resting state networks (B). Functional connectivity 
matrices were derived as the product of the Pearson’s correlation between the BOLD signal of each pair of regions and further thresholded to retain only the top 10 % 
of connections (C). Functional gradients representing the organizational principles of the cerebral cortex were computed, together with measure of regional 
dispersion, describing the functional differentiation of each DMN parcel in respect to the network’s median activity profile (D). Regional dispersion was put in 
relation with several clinical variables of interest (E) and used to predict longitudinal cognitive decline, proteinopathy and atrophy.
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Fig. 3. Surface plots of significant dispersion by MMSE interactions. Nodes presenting significant interactions between their level of dispersion and patients’ 
MMSE scores are plotted on the surface for both the A+ and A- populations (A). The color code of the regions plotted on the surface represents the slope of the 
interaction (i.e., blue regions indicate a negative interaction between dispersion and MMSE scores, whereas red colored regions indicate a positive pattern). 
Interaction plots of few representative regions for which dispersion measures were observed to interact significantly with patients’ MMSE in predicting encoding 
performance are shown (B). Stronger relationships are present for more severe patients and, for both populations, MTG shows opposite interaction patterns than the 
rest of the significant DMN regions (marked by a circle). 
DMPFC = dorsomedial prefrontal cortex; L = left hemisphere; MMSE = Mini Mental State Examination; MTG = middle temporal gyrus; PO = pars opercularis.
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Fig. 4. Surface plots of significant dispersion by tau interactions. Nodes presenting significant interactions between their level of dispersion and patients’ tau 
deposits are plotted on the surface for both the A+ and A- populations (A). The color code of the regions plotted on the surface represents the slope of the interaction 
(i.e., blue regions present a negative interaction between dispersion and tau deposits, whereas red colored regions present the opposite pattern). Regions showing 
inverted patterns compared with the other DMN nodes are marked with a circle. Interaction plots of few representative regions are shown (B). 
ACC = anterior cingulate cortex, IPL = inferior parietal lobule, l = left, MTG = middle temporal gyrus, r = right.
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exception to this pattern is represented by the right IPL that shows a 
positive relationship between its degree of dispersion and recall abilities 
(see Fig. 4A, marked by a circle). When there is high regional tau load 
within this region, its functional differentiation appears to facilitate 
better recall performance. Models’ statistics are available in Supple
mentary Table 1 of the Supplementary Materials.

Even though regional tau burden was significantly lower in A- in
dividuals than in A+ individuals (t(180)= − 22.5, p < 0.0001), we also 
observed few significant interactions also in this group. In detail, A- 
individuals with higher tau deposits (SUVR≥1.4) presented marked 
positive associations between dispersion values and encoding, retrieval 
and recall performance. These interactions mainly involved the left ACC 
(for encoding), the left PCC/right ACC (for retrieval) and the right IPL 
(for both encoding and recall). As the DMN can be divided into different 
functional subsystems that underlie a wide spectrum of cognitive func
tions (Mancuso et al., 2022), a certain degree of heterogeneity in the 
activity of its regions might have beneficial effects on the behavioral 
performance of healthy individuals.

Of note, a small portion of the right MTG was the only region dis
playing a negative association with retrieval abilities (see Fig. 4A, 
marked by a circle). This means that higher functional dispersion and 
tau burden in this region result in greater retrieval impairment in A- 
individuals.

Models’ statistics are available in Supplementary Table 2 of the 
Supplementary Materials.

3.3. Association between baseline dispersion, topology and structural 
alterations

The aim of this study was to establish if changes in regional disper
sion values are accompanied by specific topology and/or structural 
alterations.

Only for a few regions, we observed that in A+ individuals with low 
MMSE scores the negative relationship between dispersion and encoding 
performance (see previous paragraph) was also accompanied by a 
negative relationship between thickness and gyrification with encoding, 
retrieval and recall performance scores. This finding suggests that the 
regions in which altered functional patterns are most predictive of 
impaired memory performance are also those with better preserved 
structural integrity. In predicting encoding and recall, most negative 
interactions with thickness and gyrification appeared to involve the 
DMPFC, DLPFC, IPL and MTG in the left hemisphere (see Supplementary 
Figure 2A and C). Only two regions emerged as predictive of retrieval 
performance (see Supplementary Figure 2B): a small portion of the left 
MTG presented the same negative pattern described above, whereas the 
sulcal depth of a region within the posterior cingulate cortex showed a 
positive association with retrieval performance. Given that sulcal depth 
decreases as a function of pathology and neurodegeneration (Im et al., 
2008), the observed pattern confirms that a more preserved morphology 
of the cingulate cortex is more likely to be associated with better 
retrieval abilities.

From a topological perspective, we observed that most regions pre
sented a negative association between nodal strength and memory 
performance, especially recall, whilst displaying a positive association 
with participation coefficient (PC) values. These regions included the 
left DMPFC, left MTG, left IPL and right DMPFC (see Supplementary 
Figure 2C). This pattern suggests that regions for which functional 
dispersion was associated with better memory performance also pre
sented lower nodal strength (NS) but higher PC values. In individuals 
with an A+ status but more spared memory abilities, DMN connectivity 
strength appeared hence diminished but more widely distributed. The 
only exception was a small region in the precuneus, for which encoding 
performance was negatively associated with PC, but positively with NS 
(see Supplementary Figure 2A). This finding indicates that, for this re
gion, better encoding performance is associated with greater within 
DMN connectivity of the precuneus.

Models’ statistics are available in Supplementary Table 1 of the 
Supplementary Materials.

As for A- individuals, we observed that alterations in DMN dispersion 
were accompanied by a more complex profile of structural and topo
logical changes compared with A+ participants. For instance, this pa
tients’ group also presented a negative association between thickness 
and memory performance, as observed in the A+ group, although it 
remained limited to the left ACC in predicting encoding/recall. Contrary 
to the A+ group, the gyrification index in the A- group was positively 
associated with encoding/recall performance, but the only significant 
region was the left precuneus (see Supplementary Figure 3A and C). 
Similar to the A+ group, sulcal depth measures showed both positive 
(left DLPFC and PCC) and negative (left precuneus, anterior CC and 
MTG) relationships, especially in predicting encoding (see Supplemen
tary figure 3A). We can, therefore, conclude that in A- individuals with 
low MMSE performance, regions with higher dispersion that is predic
tive of better memory performance present lower thickness —a typical 
neurodegenerative marker— but preserved gyrification.

From a topological perspective, alterations in the left MTG appeared 
to play a role in predicting encoding, with higher participation coeffi
cient and lower centrality of this region being associated with more 
successful performance. Finally, higher centrality of the bilateral pre
cunei, left MPFC and right MTG appeared to facilitate recall perfor
mance. Overall, the more preserved the functional connectivity profile 
of several DMN regions, in terms of strength and centrality in within- 
network communication pathways, the more proficient the memory 
performance of the individual. As observed when describing dispersion 
patterns, the left MTG interestingly shows an inverted pattern compared 
with other DMN nodes.

Models’ statistics are available in Supplementary Table 2 of the 
Supplementary Materials.

3.4. DMN dispersion as predictor of memory performance at 2 years 
follow up

For both A+ and A- individuals, baseline dispersion values of several 
DMN regions remained predictive of future cognitive decline at 2 years 
follow up (see Fig. 5).

Differently from what was observed at baseline, A+ and A- in
dividuals showed the same patterns, albeit involving slightly different 
regions. For instance, all individuals with low MMSE scores showed a 
negative association between their baseline dispersion values and future 
cognitive decline, indicating a faster decline especially of retrieval and 
recall abilities. In A+ individuals, these patterns involved the bilateral 
PCC and bilateral MTG (see Fig. 5C), whereas A- individuals showed 
significant patterns in the left IFC, bilateral ACC and left MTG (see 
Fig. 5E). For both A- and A+ groups, less severely impaired participants 
(high MMSE scores) showed exactly opposite patterns compared with 
the low MMSE performers. For them, functional differentiation of these 
DMN regions was associated with better cognitive maintenance (positive 
relationship). Of note, the effects in higher MMSE performers were not 
as marked as in the low performers, as evidenced by the difference in 
magnitude of the color bar (see Fig. 5). Furthermore, in the A- group, 
MTG regions presented again inverted patterns compared with the rest 
of the significant DMN regions (see Fig. 5E). In this case, functional 
differentiation of the left MTG in low MMSE performers was positively 
associated with retrieval abilities at 2 years follow-up.

For both A+ and A- individuals, the interaction between baseline 
dispersion values and regional tau burden also emerged as significant in 
predicting future encoding, retrieval and recall abilities. For both 
groups, if a region at baseline presented high levels of tau burden, its 
functional differentiation from the rest of the DMN was positively 
associated with future memory performance. Conversely, regions dis
playing low levels of tau burden at baseline benefitted from less 
dispersion. These patterns were observed for small regions within the 
left IFC and left PCC for encoding and retrieval/recall in A+ participants 
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Fig. 5. Surface plots of DMN regions predictive of future memory performance. Nodes presenting significant interactions between their level of dispersion and 
patients’ MMSE, tau deposits and level of education are plotted on the surface for both the A+ (A, B, C) and A- populations (D, E). The color code of the regions 
plotted on the surface represents the slope of the interaction (i.e., blue regions are those with a negative interaction between dispersion and future memory per
formance, whereas red colored regions show the opposite pattern). Regions showing inverted patterns compared with the other DMN nodes are marked with a circle. 
Edu = education (measures in years), MMSE = Mini Mental State Examination, Tau = Standard Uptake Values of regional Tau.
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(see Figure5A, B and C), and for the left MTG and right DLPFC for A- 
individuals (see Fig. 5D and E). Models’ statistics are available in Sup
plementary Tables 3 and 4 of the Supplementary Materials.

Finally, we checked for the potential protective role of higher edu
cation on future memory decline and its impact on DMN dispersion 
values. In both groups, individuals with higher education benefited from 
higher dispersion (suggesting greater functional differentiation) in few 
DMN regions, and this was associated with better memory proficiency at 
2 years follow up. This pattern was limited to the left PCC in A+ in
dividuals in predicting retrieval, whereas it extended to the right MTG 
and right DLPFC in A- subjects. Individuals with lower education pre
sented opposite patterns (see Fig. 5B, D and E). The association between 
dispersion and education for baseline memory performance is instead 
discussed in the Supplementary Materials (see Supplementary Materials 
and Supplementary Figure 4).

3.5. Baseline dispersion values as predictors of future tau accumulation

Pearson’s linear correlation analyses revealed that baseline disper
sion values in several DMN regions were meaningfully associated with 
future tau deposits, measured as the slope in the increase of tau burden 
at Y2 compared with baseline. More positive values are, therefore, 
indicative of faster accumulation rates. In the A+, these regions included 
the right MTG (r = 0.3, p = 0.03) and the right PCC (r = 0.28, p = 0.04) 
(see Fig. 6A). In the A- group, the left ACC (r = 0.4, p = 0.02), left 
precuneus (r = 0.48, p = 0.02), right orbitofrontal cortex (OFC) (r =
0.42, p = 0.04), right ACC (r = 0.47, p = 0.02) emerged as significant 
(see Fig. 6B).

However, none of these correlations survived FDR correction for 
multiple comparisons, possibly due to the small number of participants 
in the 2 year follow-up group (A+: n = 49; A-: n = 22).

3.6. Baseline dispersion values as predictors of future atrophy

Pearson’s linear correlation analyses revealed that baseline disper
sion values in several DMN regions were meaningfully associated with 
future atrophy of the same regions, measured as the slope in the increase 
of atrophy at Y2 compared with baseline. More negative values are 
indicative of faster atrophy rates. For both A+ and A- individuals, higher 
dispersion values at baseline were generally associated with significant 
decrease in thickness, but increased gyrification at Y2. Results for sulcal 
depth showed mixed patterns.

In A+ individuals (see Fig. 7A), the dispersion values of the left MTG 
(r = − 0.22, p = 0.03), left ACC (r = − 0.3, p = 0.003), left DLPFC (r =
− 0.22, p = 0.03), and two regions of the right IPL (r = 0.23, p = 0.02; r =
− 0.26, p = 0.01) were predictive of future changes in thickness. 
Dispersion values in the lDLPFC (r = 0.21, p = 0.04), two regions in the 
rIFC, (r = 0.22, p = 0.03; r = 0.21, p = 0.04) and rPCC (r = 0.25, p =
0.01) were predictive of their future increase in gyrification. Finally, 
higher dispersion values of a region within the rIFC were predictive of its 
future increase in sulcal depth (r = 0.28, p = 0.005).

In A- individuals (see Fig. 7B), future thickness changes were pre
dicted by baseline dispersion values in the left IPL (r = − 0.17, p = 0.04), 
left ACC (r = − 0.18, p = 0.03), right MTG (r = 0.22, p = 0.007) and right 
MPFC (r = − 0.22, p = 0.009). Gyrification changes were predicted by 
baseline dispersion values in the left MTG (r = 0.18, p = 0.03; r = 0.20, p 
= 0.01), left DLPFC (r = 0.17, p = 0.04) and right MTG (r = − 0.19, p =
0.02). Notably, the right MTG always showed inverted patterns 
compared with the rest of the significant DMN regions for both thickness 
and gyrification. Finally, higher baseline dispersion in the left precuneus 
was associated with increased sulcal depth 2 years later (r = 0.17, p =
0.04), whereas the left IPL showed an inverted, negative, pattern (r =
− 0.17, p = 0.04).

However, none of these correlations survived FDR correction for 
multiple comparisons.

Fig. 6. DMN dispersion values predictive of future tau accumulation. Scatter plots of the DMN regions which dispersion values at baseline were significantly 
associated with future tau deposits at 2 years follow up for both A+ (A) and A- (B) individuals. Significant regions are plotted on the surface and color coded based on 
the directionality of the relationship (i.e., red colors indicate significant positive relationships). 
ACC = anterior cingulate cortex, IFC = inferior frontal cortex, l = left, MTG = middle temporal gyrus, PCC = posterior cingulate cortex, r = right.
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4. Discussion

In this study, we examined DMN gradients’ dispersion as a measure 
of functional decoupling, hypothesizing its relevance as predictor of 
cognitive performance and clinical severity. Dispersion values were 
significantly higher in MCI and AD compared with healthy controls and 
negatively correlated with MMSE scores, aligning with previous findings 

of progressive DMN disconnection in AD (for a systematic review and 
meta-analysis, see Badhwar et al., 2017).

Using amyloid status as a diagnostic criterion (Jack et al., 2016), we 
observed opposite patterns in A+ and A− groups. In line with our ex
pectations, higher dispersion of several DMN regions was negatively 
associated with behavior, but this was only true in A+ individuals. On 
the other hand, functional differentiation of the DMN (higher 

Fig. 7. DMN dispersion values predictive of future structural morphological changes. Scatter plots of the DMN regions in which dispersion values at baseline 
were significantly associated with future morphological changes (thickness, gyrification and sulcal depth) at 2 years follow up for both A+ (A) and A- (B) individuals. 
Significant regions are plotted on the surface and color coded based on the directionality of the relationship (i.e., blue colors indicate significant negative re
lationships whereas positive associations are depicted in red). 
ACC = anterior cingulate cortex, DLPFC = dorsolateral prefrontal cortex, IFC = inferior frontal cortex, IPL = inferior parietal lobule, MPFC = medial prefrontal 
cortex, l = left, MTG= middle temporal gyrus, PC = precuneus, PCC = posterior cingulate cortex, r = right.

A. Menardi et al.                                                                                                                                                                                                                                NeuroImage 326 (2026) 121696 

11 



dispersion) was associated with better memory performance in the A- 
group. This represents an important difference from our earlier inves
tigation (Menardi et al., 2025), whereby better preserved structural 
integrity resulted in better memory performance in both A+ and A- in
dividuals and highlights the potentially greater sensitivity of functional 
measures to the effect of this proteinopathy. It is also relevant for our 
point to focus on the cohesiveness of the signal within the DMN, argu
ably the most complex network of the human brain (Mancuso et al., 
2022; Margulies et al., 2016; Smallwood et al., 2021). While the DMN 
benefits from high nodal connectivity between its regions and presents 
as a single system, its contribution to sustaining a variety of cognitive 
functions (self-referential thought, social cognition, semantic memory, 
mental time travel, but also more extrinsic activities) necessarily re
quires a functional differentiation among its regions (Gordon et al., 
2020; Mancuso et al., 2022). In line with the well documented hierar
chical and multiscale organization of the brain (Betzel and Bassett, 
2017), it is possible to map the heterogeneity within the connectivity 
patterns of the DMN in discrete subnetworks with differentiable roles in 
cognitive processing (for a review and meta-analysis, see Mancuso et al., 
2022). For instance, up to nine subnetworks have been reliably identi
fied across individuals; these were seen to vary in their role towards 
internally oriented behavior versus language-related functions (Gordon 
et al., 2020). Building on this evidence, we argue that, while loss of 
functional coherence within the network might be pathological and 
hence exert a negative influence on cognition (here depicted by the 
negative association between dispersion and memory performance in 
A+ participants), in healthy individuals (A-) a certain degree of func
tional differentiation might be indicative of normal DMN heterogeneity. 
This interpretation is also guided by the observation that significant 
interactions involved posterior and anterior DMN regions (ACC and 
DLPFC on one extreme, PCC, precuneus and IPL on the other extreme), 
where disconnection is more marked in AD patients than in healthy 
aging (Jones et al., 2011). This result reinforces the idea that a more 
unitary DMN might be beneficial in pathological scenarios but perhaps 
less so in healthy individuals. Of note, A+ individuals with high levels of 
education, a proxy of cognitive reserve, also presented positive associ
ations between dispersion values and memory performance, further 
corroborating that a certain degree of functional heterogeneity might be 
linked to a more efficient network.

Temporal regions, however, showed reversed patterns compared 
with the other DMN regions. For them, greater functional differentiation 
in the A+ participants was associated with better encoding, retrieval and 
recall performance. As the temporal cortices are among the first regions 
displaying tau accumulation and being the spreading of tau driven by 
functional connectivity (Franzmeier et al., 2020; Ottoy et al., 2024), we 
argue that the observed positive association with gradients dispersion 
indicates that diminished connectivity between temporal sites and the 
rest of the DMN might be beneficial because it limits tau spreading. This 
is specific to the temporal cortices as tau epicenters, whereas other DMN 
regions with high levels of tau burden, such as the bilateral ACC, pre
sented the expected negative associations. This phenomenon is in line 
with the evidence that the reported prion-like spreading of tau is asso
ciated with hypoconnectivity between lower and higher tau burden re
gions (Nabizadeh, 2024), being AD a disconnectome syndrome 
(Delbeuck et al., 2003). As such, in pathology, functional dispersion is 
associated with poorer baseline memory performance except for the 
temporal regions, where it might act as a protective mechanism coun
teracting tau spreading. This pattern is not observed in A- individuals, 
given that amyloid acts as an accelerator of tau propagation that would 
otherwise remain more limited to temporal and cingulate cortices, a 
condition known as primary age-related tauopathy (PART) (van der 
Kant et al., 2020). The unique patterns observed in temporal cortices 
seem specific to their functional decoupling with other regions of the 
DMN, as this pattern of findings was not observed when solely looking at 
their degree of structural damage (Menardi et al., 2025).

As for the prediction of future cognitive decline, higher baseline 

dispersion values were associated with future steeper worsening of 
memory abilities in both A+ and A- individuals, except for regions 
presenting high tau burden at baseline. For the latter, we observed that 
higher functional differentiation (dispersion) at baseline was positively 
associated with more preserved future memory functions. These regions 
included the left PCC/precuneus in A+ individuals and the left MTG in 
A- participants, reflecting the typical spatial patterns of tauopathy as a 
function of amyloid status (van der Kant et al., 2020).

A series of correlational analyses were also carried out to test the 
association between regional dispersion and changes in tau burden and 
morphology, this time without factoring in behavior. First, we observed 
that higher baseline dispersion was predictive of faster accumulation 
rates of tau. We believe this is in line with recent evidence on the local 
effects of connectivity-mediated tau spreading, suggesting that the 
spreading of tau is accompanied by reduced functional connectivity of 
non-epicenter tau regions to epicenter tau regions (Nabizadeh, 2024). 
This generally reflects the progressive distancing of regions in the 
functional space, representing a clinical hallmark that occurs in aging 
(Schultz et al., 2017) and becomes more marked in AD (Nabizadeh, 
2024). As such, our study presents a dual contribution as it distinguishes 
in an entirely data-driven fashion between epicenter regions in tau 
spreading, in which functional dispersion is beneficial to counteract 
clinical worsening, and non-epicenter regions, in which functional 
dispersion is linked to worst clinical manifestation in terms of future 
memory decline and susceptibility to tau accumulation (i.e., the 
prion-like spreading of tau from epicenter to non-epicenter regions 
described in Nabizadeh, 2024).

Secondly, we observed that baseline dispersion was a predictor of 
morphological changes, in terms of future greater thinning and gyr
ification of the cortex. The former is to be expected as grey matter loss is 
a hallmark of neurodegeneration, accelerated by AD pathology 
(Hampton et al., 2020; Roe et al., 2021; Vinke et al., 2018). On the other 
hand, gyrification tends to decrease during the lifespan (Lamballais 
et al., 2020), but the speed of such decline slows later in life (Cao et al., 
2017). This can result in patterns of increased gyrification both in 
healthy elderly and AD patients (Cao et al., 2017; Lamballais et al., 
2020; Núñez et al., 2020) and has been interpreted as due to white 
matter atrophy occurring at a faster rate in late adulthood (compared 
with grey matter) (Lamballais et al., 2020; Vinke et al., 2018), therefore 
influencing the folding of the cortex.

Finally, as already discussed, greater functional dispersion in the 
DMN might also reflect a certain degree of healthy heterogeneity in the 
functional patterns of its regions. In this scenario, the positive associa
tion with longitudinal morphological changes might be interpreted as 
indicative of more preserved structures. This reasoning applies to the 
changes in sulcal depth observed in the right inferior frontal cortices in 
the A+ group and in the left precuneus/PCC in the A- individuals. While 
sulcal depth is expected to decrease with pathology (Im et al., 2008), 
both regions presented a positive association with baseline dispersion 
measures, in the form of a reduction in the steepness of the slope (less 
negative) for those individuals with higher baseline dispersion values. 
This might reflect a protective mechanism, supported by the observation 
that, even at baseline, those regions showed a positive association be
tween dispersion values and encoding performance. Not only their 
functional differentiation is, therefore, linked to better baseline perfor
mance, but it is also protective of future structural damage to the same 
regions.

Finally, we conclude with the observation that those DMN regions in 
which dispersion was most predictive of baseline memory performance 
tended to be left lateralized. This can reflect both the verbal nature of the 
test stimuli, as well as an initial greater vulnerability of the left hemi
sphere, as already reported in structural and metabolic studies (Jones 
et al., 2022; Roe et al., 2021; Rubido et al., 2023; Thompson et al., 2001; 
Zakzanis et al., 2003). The left hemispheric asymmetry was lost at 
follow-up measurements, possibly due to the advancing of pathology.

A few limitations need to be addressed. For instance, we only 
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analyzed dispersion measures within the DMN, but future studies are 
needed to determine if similar patterns are also observed in other resting 
state networks. Secondly, while we made use of all available ADNI data 
that met our inclusion criteria, a replication in a different cohort would 
be desirable. This is especially crucial given that our correlation analyses 
did not survive FDR correction, probably due to the small sample size. 
Finally, we observed that dispersion measures showed opposite in
teractions as a function of amyloid status. However, amyloid accumu
lation is also found in co-pathology in other neurodegenerative 
disorders, such as Parkinson’s Disease. It would be of value to under
stand if the results of our study are pathology-specific (thus only 
observed in AD), or amyloid-determined (possibly present in other 
neurodegenerative disorders).

In conclusion, our findings reveal a novel and promising role for 
gradient measures to track pathological breakdown in functional con
nectivity and its relation to cognitive decline, proteinopathy and atro
phy. At the same time, our work also promotes the working hypothesis 
that a certain degree of functional heterogeneity is key to efficient 
network processing. Functional dispersion can be seen, therefore, as a 
useful tool to monitor alterations in a 3D space of its own, in which axes 
are represented by the healthy-to-pathology continuum, the cognitive 
performance spectrum and the scattering of region-to-region connec
tivity from a unitary system.
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