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Abstract
Purpose  Here, we combined a longitudinal design to assess whole-brain hyper- and hypo-connectivity in the different clini-
cal phases of Alzheimer’s disease (AD) with a multimodal approach to understand how such connectivity changes were 
related to glucose hypometabolism.
Methods  We selected a longitudinal cohort of N = 66 subjects with clinical, cerebrospinal fluid and FDG-PET assessments, 
from Alzheimer’s Disease Neuroimaging Initiative (ADNI) database. N = 31 AD individuals were assessed at three stages: 
mild cognitive impairment (AD-MCI, T0), early phase of dementia (mild-AD, T1) and dementia (AD-D, T2). We included 
N = 35 age/sex-matched healthy controls. We assessed longitudinal metabolic connectivity using Pearson’s correlation, clus-
tering analysis and graph theory metrics.
Results  In the MCI-AD stages, hypo- and hyper-connectivity coexisted. Data-driven, longitudinal clustering analysis identi-
fied specific pathological clusters: a default mode network cluster, with prevalent hypo-connectivity and severe, persistent 
hypometabolism; a limbic cluster showing hyper-connectivity and steeper metabolic decline. Metabolism in hyper-con-
nected limbic regions showed a mediation effect on worsening of AD-like parieto-temporal hypometabolism and predicted 
faster conversion to dementia.
Conclusion  Hypo- and hyper-connectivity, especially in early stages, may have different roles in AD neurodegenerative 
processes, with metabolism in hyper-connected regions acting as a mediator on the neurodegeneration of core regions of AD 
pathology.

Keywords  Glucose metabolism · Prodromal · Mild cognitive impairment · Hyper-connectivity · Hypo-connectivity · 
Graph theory
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Introduction

Alzheimer’s disease (AD) is biologically characterized by 
pathological accumulations of amyloid beta (Aβ) plaques 
and neurofibrillary tau tangles in the brain [1]. In AD, Aβ 
and tau pathology, primarily accumulating in the default-
mode network (DMN) and limbic network, largely spread 
through interconnected regions [2–4], making brain con-
nectivity a valuable tool to understand the pathophysiology 
of AD. Furthermore, previous works have used brain con-
nectivity alterations to predict early AD-related cognitive 
decline, even in cognitively healthy elderly people showing 
subtle Aβ and tau accumulation [5]).

Previous studies largely focused on investigating the 
association between pathology and hypo-connectivity [6, 
7]. Together, patterns of increased functional connectivity, 
i.e. hyper-connectivity, have been reported in the prodromal 
mild cognitive impairment (MCI) phase and AD dementia, 
particularly involving the local connectivity within the lim-
bic network, including the medial temporal lobe [8–12]. As 
for the latter, some authors proposed a mechanism where 
the disconnection between the limbic network and poste-
rior DMN would lead to hyper-connectivity within the same 
limbic network [13]. Others have suggested Aβ pathology 
to be at the basis of the observed limbic hyper-connectivity 
[7]. Recently, a large longitudinal study showed that ante-
rior-temporal (AT) hyper-connectivity is specifically associ-
ated with Alzheimer’s pathology, predicting faster glucose 
hypometabolism and dementia onset. This hyper-connec-
tivity correlates with Aβ burden and reduced cognitive per-
formance and mediates speed of disease progression [14]. 
Another recent study, by Roemer-Cassiano and colleagues, 
showed that temporal hyper-connectivity mediates the effect 
of Aβ burden on faster tau accumulation [7]. These find-
ings suggest that hyper-connectivity is not compensatory 
but may actively drive pathology and neurodegeneration [7, 
14]. The detected hyper-connectivity could be a sign of high 
processing burden and noisy inefficient synaptic communi-
cation [15].

The mechanisms underlying hyper-connectivity in AD, 
however, remain partially unclear [16].

The majority of studies assessing connectivity in AD 
have adopted either unimodal cross-sectional [11] or lon-
gitudinal [12, 17] or multimodal cross-sectional [18, 19] 
designs.

Multimodal longitudinal investigations assessing the 
crosstalk between time-dependent metabolic connectivity 
reconfigurations and local brain hypometabolism in highly 
homogeneous groups of patients with assessed evolution 
in clinical and biomarker profiles may provide enhanced 
insights about neurodegenerative mechanisms. Here, we 
combined a longitudinal design to assess whole-brain 

hyper- and hypo-connectivity in the different clinical phases 
of the same AD cohort with a longitudinal multimodal 
approach to understand how such connectivity changes can 
be related to glucose hypometabolism. In detail, we used 
2-[18 F] fluoro-2-deoxy-D-glucose (FDG)-positron emis-
sion tomography (PET) estimation to characterize glucose 
metabolism and brain metabolic connectivity changes [20] 
in the very same cohort of subjects with clinical and cere-
brospinal fluid biomarkers profiles, followed up longitudi-
nally from MCI to full-blown AD dementia. To this end, 
we analyzed a group of amnestic MCI subjects from the 
Alzheimer’s Disease Neuroimaging Initiative (ADNI) data-
base, positive for AD pathology and with available clini-
cal and neuroimaging (FDG-PET and magnetic resonance 
imaging (MRI)) follow-up data at three clinical phases, 
namely: (i) MCI due to AD (AD-MCI), T0 baseline; (ii) 
early phase of AD dementia (mild-AD), T1; (iii) full-blown 
AD dementia (AD-D), T2. We assessed connectivity rear-
rangements in terms of hypo-, hyper-connectivity and graph 
theory metrics, in the patients compared to a healthy control 
(HC) group. By implementing a clustering process on the 
measures of hypo- and hyper-connectivity, we defined both 
the connectivity features specific to various stages and those 
present constantly over time.

 Materials and methods

Participants

We retrospectively included amnestic MCI subjects from 
ADNI1, ADNI2, ADNI3, and ADNI-GO (details: ADNI 
website). ADNI’s amnestic MCI criteria required memory 
decline (CDR = 0.5), MMSE 24–30, no dementia, and no 
severe psychiatric comorbidities. Clinical progression to 
dementia was defined by a CDR global score ≥ 1 and an 
MMSE score < 24 [21].

We selected amyloid, tau and neurodegeneration-positive 
(A + T + N+) MCI cases diagnosed as AD-MCI per NIA-
AA classification system [1]. Amyloid positivity (A+) was 
determined by CSF Aβ−42 levels below 192 pg/mL, with 
the exception of two cases where CSF assessments were not 
available. As in our MCI cases with both CSF and amyloid-
PET data (n = 15), there was 100% agreement between the 
two markers, for the two additional cases where only CSF 
results were not available, positivity at amyloid-PET alone 
was used to determine the A + status.

Phosphorylated-Tau positivity (T+) was defined by CSF 
p-Tau (> 27 pg/mL). Neurodegeneration (N+) was con-
firmed via FDG-PET, analyzed on a SPM-based procedure, 
and evaluated for the presence of the typical AD pattern 
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involving the temporo-parietal regions, precuneus and pos-
terior cingulate cortex (See FDG-PET procedures).

We included MCI subjects with clinical, T1-MRI, and 
FDG-PET assessments at three stages: T0 (AD-MCI), T1 
(mild-AD, dementia conversion, mean follow-up 2.02 
± 1.18 years), and T2 (AD-D, ≥ 2 years post-conversion, 
mean follow-up 4.36 ± 2.02 years). T2 was chosen to assess 
advanced-stage connectivity changes. ADNI Memory Score 
(ADNI-Mem) was obtained at all stages [17].

We included a group of healthy controls (HC) starting 
from a previously validated group [18] and used for sub-
sequent comparisons. We selected only subjects who: (1) 
had no evidence of cognitive impairment at baseline and 
were cognitively stable at an average 4-year follow-up [18]; 
(2) were A-T-N-, according to the same criteria described 
above; (3) were age- and sex- matched to the AD-MCI 
group; (4) had T1-MRI, FDG-PET, and clinical assessments 
available at the same three time points as the AD group 
(i.e., mean follow-up times at T1: 1.93 ± 0.78 years and T2: 
3.96 ± 1.89 years, respectively). Of note, the latter inclusion 
criteria, i.e. availability of imaging and clinical data at the 
same three clinical stages as the patients, was introduced 
to isolate pathological changes going beyond those attribut-
able to normal aging. The final sample comprised n = 31 
AD-MCI and n = 35 HC subjects. See Table 1.

In our sample, APOE ε4 allele frequencies were as fol-
lows: among HC, ε2/ε4 = 3%, ε3/ε4 = 14%, and ε4/ε4 = 3%, 
resulting in an overall ε4 carrier rate of 20%; in contrast, AD 
patients showed ε3/ε4 = 55% and ε4/ε4 = 16%, with no ε2/
ε4 cases, yielding a total ε4 carrier rate of 71%.

FDG-PET procedures

ADNI acquisition procedures are detailed in the “ADNI 
PET technical procedures manual, version 9.5” (​h​t​t​p​​s​:​/​​/​a​d​
n​​i​.​​l​o​n​​i​.​u​s​​c​.​e​​d​u​/​​m​e​t​​h​o​d​​s​/​p​e​​t​-​​a​n​a​​l​y​s​i​​s​-​m​​e​t​h​​o​d​/​p​e​t​-​a​n​a​l​y​s​i​s​

/). We combined the last three 5-min FDG-PET frames into 
a single 15-min static image for consistency [18]. Images 
underwent visual quality checks and were pre-processed 
using SPM12 (​h​t​t​p​​s​:​/​​/​w​w​w​​.​f​​i​l​.​​i​o​n​.​​u​c​l​​.​a​c​​.​u​k​/​s​p​m​/) [22, 23]. 
FDG-PET images were normalized to a dementia-specific 
MNI template [22] and smoothed with a Gaussian Ker-
nel of 8  mm FWHM. We applied global mean scaling to 
each spatially normalized and smoothed FDG-PET image 
(FDG-PET SUVr) in order to account for between-subject 
uptake variability [24]. Then, FDG-PET SUVr images were 
analyzed using a validated single-subject SPM-based pro-
cedure [25], which generated individual SPM-t maps [18]. 
These maps quantified the severity of hypometabolism, 
with t-scores > 1.7, p < 0.05 indicating regional hypome-
tabolism compared to HC distribution. A nuclear medicine 
expert, blinded to clinical data, reviewed these t-maps for 
the presence of hypometabolism in the precuneus, posterior 
cingulate, and temporo-parietal regions. The FDG-PET AD 
pattern positivity further supported the AD-like diagnosis in 
our cohort.

MRI procedures

We included structural 3D MRIs (1.5 or 3 Tesla T1-weighted 
Magnetization Prepared Rapid Acquisition with Gradient 
Echo (MPRAGE) or Inversion Recovery Fast Spoiled Gra-
dient Recalled (IR-FSPGR)) from Siemens, Philips, and GE 
scanners. For further details on MRI acquisition procedure: ​
h​t​t​p​​s​:​/​​/​a​d​n​​i​.​​l​o​n​​i​.​u​s​​c​.​e​​d​u​/​​m​e​t​​h​o​d​​s​/​m​r​​i​-​​t​o​o​l​/​m​r​i​-​a​c​q​u​i​s​i​t​i​o​n​/.

Network construction

We segmented the structural MRI images to create probabil-
ity maps for grey matter (GM) using SPM unified segmenta-
tion function. GM masks were thresholded and binarized at 
a threshold of 0.3 in order to exclude spurious voxels [26]. 

Table 1  Baseline characteristics of the subjects included
HC (N = 35) MCI-due to AD (N = 31) p-value

Age 71.49 ± 3.28 72.38 ± 8.21 0.753
Sex (M: F) 17:18 18:13 0.441
Education 16.69 ± 2.69 16.03 ± 3.15 0.473
CSF Aβ−42 1602.12 ± 594.26 151.67 ± 33.19 < 0.001
CSF p-tau 19.35 ± 5.97 185.25 ± 51.24 < 0.001
APOE ε4 carrier 7 (20%) 22 (71%) < 0.001
MMSE T0 AD-MCI 29.03 ± 1.32 26.61 ± 2.04 < 0.001
MMSE T1 mild-AD 29.17 ± 1.15 23.23 ± 4.00 < 0.001
MMSE T2 AD-D 29.18 ± 1.14 19.23 ± 6.57 < 0.001
ADNI-Mem T0 AD-MCI 1.07 ± 0.45 −0.19 ± 0.30 < 0.001
ADNI-Mem T1 mild-AD 1.14 ± 0.45 −0.64 ± 0.41 < 0.001
ADNI-Mem T2 AD-D 1.14 ± 0.45 −1.11 ± 0.65 < 0.001
Data reported as mean ± standard deviation. Abbreviations: HC Healthy Controls, MCI Mild Cognitive Impairment, APOE Apolipoprotein-E, 
MMSE Mini Mental State Examination, ADNI-Mem Alzheimer’s Disease Neuroimaging Initiative Memory Score, CSF Cerebrospinal Fluid, 
Aβ−42, amyloid-β 42; p-tau, phosphorylated tau
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the strength of connectivity between networks’ nodes. To 
ensure a fair comparison, we assessed significant differences 
between each clinical group and a subgroup of HC matched 
for sample size, age, and sex. Following [29], we applied 
Fisher’s r-to-z transformation to each Pearson correlation 
coefficient. This transformation converts correlation coeffi-
cients into a normally distributed variable while preserving 
the original sign of the correlation, enabling direct statistical 
comparisons. The resulting z-scores were used for statistical 
comparisons. We performed a z-test, and we applied a p < 
0.05 threshold with False Discovery Rate (FDR) correction 
to the z-scores matrices to identify significantly altered con-
nections in patients compared to HC.

The number of altered connections, identified by signifi-
cant z-scores, was normalized by dividing by the total num-
ber of possible connections, calculated as n (n − 1), where n 
represents the number of nodes (n = 116).

The z-score entries can be negative or positive, indicating 
hypo-connectivity or hyper-connectivity, respectively.

Clustering analysis

The following indexes were computed for each node to rep-
resent comprehensively the changes in connection pattern:

	● MeanAbsoluteZ: the mean of all the absolute values of 
all z-scores (excluding zero values), with higher values 
indicating greater network alterations;

	● MeanPositiveZ: the mean of all positive z-scores (ex-
cluding zero values), with higher values indicating 
greater hyper-connectivity in patients than controls;

	● MeanNegativeZ: the mean of all negative z-scores 
(excluding zero values), with higher values indicating 
greater hypo-connectivity in patients than controls;

	● MeanAllZ: the mean of all z-scores (positive or nega-
tive) indicates the average amount of hypo- (negative 
sign) and hyper-connectivity (positive sign).

We analyzed connectivity shifts using KMeans clustering 
(scikit-learn, 2024) with Euclidean distance. The optimal 
cluster number (k) was determined via the elbow method 
(k = 2–8) [30].

We used two separate clustering algorithms:

1)	 Single Time Frame Clustering (STFC) to analyze 
“stage-specific connectivity” changes. Connectivity 
changes, represented as MeanAbsoluteZ values, were 
independently clustered at three different stages. For 
each group and time point (T0 AD-MCI, T1 mild-AD, 
T2 AD-D), the clustering algorithm processed an array 
of (n × 1) scores, where n = 116 corresponds to the num-
ber of brain regions;

The automated Anatomical Labelling Atlas (116 AAL) and 
FDG-PET SUVr images were transformed into each MRI 
individual’s native space by means of spatial normaliza-
tion to the inverse transformation matrix [27]. Finally, we 
extracted the FDG-PET SUVr from 116 AAL regions (i.e., 
network nodes) within the obtained AAL atlas intersected 
with individual GM mask.

Statistical analysis

We compared demographics, clinical and biological CSF 
and PET features of the included sample between patients 
and controls using Mann Whitney’s U-test or Chi-squared 
test. We assessed the longitudinal rate of change in ADNI-
Mem scores using a linear mixed-effects (LME) model. This 
analysis included both between-group comparisons (patients 
vs. controls) over time, as well as within-group comparisons 
across different stages (T1 mild-AD and T2 AD-D) against 
T0 AD-MCI. The LME model was adjusted for age, sex, and 
education level, and accounted for the repeated measure-
ments of ADNI-Mem scores for each subject. To appropri-
ately account for the structure of the longitudinal data, we 
specified a random intercept for each participant to capture 
inter-individual variability in ADNI-Mem scores. Addition-
ally, to account for potential individual differences in the rate 
of cognitive decline, we included a random slope for the time 
variable, allowing us to model subject-specific trajectories 
of change over time. The LME approach was chosen for 
its ability to handle correlated data points within the same 
individual, even in the presence of missing data, unequally 
spaced observations, or unbalanced group samples [28].

All statistical analyses were performed with SPSS ver-
sion 26.

Brain hypometabolism features

We performed a voxel-wise group analysis on SPM to 
extract regional hypometabolism characterizing AD indi-
viduals at each stage (T0 AD-MCI, T1 mild-AD, T2 AD-D) 
as compared to the HC group, considering age as a covari-
ate of non-interest. We set a whole-brain Family Wise Error 
(FWE) corrected cluster-level significance threshold of p = 
0.05, with an initial voxel-level threshold of p < 0.001 uncor-
rected. Only clusters larger than 100 voxels were deemed to 
be significant.

Metabolic connectivity analysis

We assessed molecular connectivity between brain regions 
using Pearson’s correlation analysis. We computed a corre-
lation matrix at each stage employing MATLAB’s correla-
tion function. Correlation matrix provides an estimation of 
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31) compared to the HC group (N = 35) (estimate [SE]: 1.36 
[0.1]; p < 0.001). Compared to T0, only the AD group dem-
onstrated a significant reduction in ADNI-Mem scores (esti-
mate at T1 mild-AD [SE]: −0.45 [0.08]; p < 0.001; estimate 
at T2 AD-D [SE]: −0.92 [0.1]; p < 0.001) (Table 1).

The AD-like hypometabolism pattern, primarily involv-
ing the temporo-parietal cortex, was already fully expressed 
and detectable in the AD-MCI stage and maintained – but 
worsening - along the disease course (Supplementary Fig. 1).

Metabolic connectivity results

During the AD-MCI stage, subjects showed significant dif-
ferences in connectivity compared to age- and sex-matched 
HC (p < 0.05 FDR-corrected). Specifically, 4% of the total 
functional connections showed significant alterations in 
connectivity, comprising both hypo- and hyper-connectiv-
ity. Hypo-connectivity was widely distributed across frontal 
regions (medial and orbital frontal cortices, rectus gyrus, 
superior frontal gyrus), occipital areas (superior, middle, 
and inferior occipital gyri, cuneus, lingual gyrus), parietal 
regions (supramarginal gyrus, angular gyrus, superior and 
inferior parietal lobules), temporal areas (middle and infe-
rior temporal gyri, temporal poles), cerebellar regions, and 
subcortical structures including the caudate nucleus, puta-
men, and thalamus. Hyper-connectivity was predominantly 
observed between the vermis, frontal regions (medial and 
orbital frontal cortices, rectus gyrus, superior frontal gyrus, 
rolandic operculum), superior temporal gyrus, inferior 
occipital gyrus, and the olfactory cortex.

In the mild-AD stage, 2% of connections were altered, 
exclusively characterized by hypo-connectivity, involving 
frontal regions (precentral, superior, middle, inferior, and 
medial orbital frontal cortices, rectus gyrus, opercular and 
triangular parts of the inferior frontal gyrus), occipital areas 
(superior, middle, and inferior occipital gyri, cuneus, lingual 
and fusiform gyri), parietal regions (supramarginal gyrus, 
angular gyrus, superior and inferior parietal lobules, precu-
neus), temporal areas (middle and inferior temporal gyri, 
temporal poles), as well as subcortical structures including 
the thalamus, putamen, pallidum, and caudate nucleus.

In the AD-D stage, 3% of connections were characterized 
by both hypo- and hyper-connectivity, involving widespread 
hypo-connectivity of frontal regions, insular cortex, and 
cingulate cortex (anterior, middle, posterior), with occipital 
areas, parietal regions, temporal regions, subcortical struc-
tures and cerebellar regions. Hyper-connectivity was found 
between vermis and the supplementary motor areas, post-
central gyrus, paracentral lobule, medial and orbital frontal 
cortices, insula, olfactory cortex, parahippocampal gyrus, 
hippocampus, and amygdala, as well as increased coupling 
between cerebellar lobules and thalamic structures (Fig. 1).

2)	 Longitudinal Clustering (LC) to monitor the “evolution 
of connectivity” patterns over the course of AD within 
the same cohort of patients (t = 3: T0 AD-MCI, T1 mild-
AD, T2 AD-D). The clustering algorithm received an 
input array of (n × t) × z-scores, formed by concatenat-
ing the entire set of four MeanZ values across the three 
time-points. Brain regions that consistently clustered 
together across all examined time-points in the LC 
analysis were identified as cluster-specific nodes.

Then, we used repeated-measure ANOVA (p < 0.05, Bon-
ferroni) to compare the mean metabolism SUVr values, 
from LC-derived clusters over time (i.e. using the mean 
SUVr values at T0 AD-MCI, T1 mild-AD, T2 AD-D as 
variables of interest). We conducted a mediation analysis to 
test whether the relationship between the mean metabolism 
within parieto-temporal AD-like regions at T0 and T2 was 
mediated via baseline metabolism within LC-derived clus-
ters. Parieto-temporal AD-like regions included precuneus, 
posterior cingulate cortex, inferior parietal lobule, angular 
gyri and middle temporal gyri based on [31]. Linear regres-
sion (adjusted β, p-values) was computed for each path of 
the model [32]. The significance of the indirect effect was 
determined using Sobel’s test.

A further linear regression model was used to test the 
association between metabolism within LC-derived clusters 
and the time of clinical conversion to dementia, adjusting 
for age, sex and education.

Similarity between clusters derived from LC procedure 
and functional network atlases [33] was computed using 
Network Correspondence Toolbox developed in Python 
(cbig_network_correspondence on Google Collaboratory, 
2024). We implemented a spin test to assess the spatial over-
lap between each cluster and the functional network atlas 
(1.000 permutations).

Graph theory metrics

To examine differences in network architecture between 
AD and HC groups across stages (T0 AD-MCI, T1 mild-
AD, and T2 AD-D), we analyzed specific metrics, using the 
BRAPH software (Brain Analysis using Graph Theory ([34] 
http://braph.org) (Supplementary Material 2).

Results

Longitudinal evolution of cognitive impairment and 
brain metabolism

The estimated rate of change in ADNI-Mem scores indi-
cated a significant cognitive decline in the AD group (N = 
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p = 0.006); Cluster 2 showed the greatest overlap, with a still 
not-significant trend, with the Limbic Network (DICE score 
= 0.13, p = 0.103) (Fig. 3).

Upon analyzing the average metabolic profiles of each 
cluster obtained from the LC, a distinct pattern became 
apparent. Compared to HC, metabolism within each clus-
ter was significantly lower in patients, at each stage (p < 
0.001). Compared to Cluster 0, among patients, only Clus-
ter 1 showed significant hypometabolism, (p < 0.001), at all 
stages (Fig. 2c).

Notably, only Cluster 2 showed a significant SUVr 
decrease over time, with the AD-D stage showing greater 
hypometabolism than AD-MCI (p = 0.033).

In the mediation analysis, we first tested the direct effect 
of metabolism within the parieto-temporal AD-like regions 
at T0 (AD-MCI) and T2 (AD-D), which was positive and 
significant (β = 0.498, p = 0.025). Second, we found a 
significant indirect effect between the independent vari-
able, namely the metabolism within AD-like regions at T0 
(AD-MCI), and metabolism within Cluster 1 (β = 0.449, 
p = 0.011), and Cluster 2 (β = 0.866, p < 0.001). Third, we 
showed that only metabolism within Cluster 2 at T0 sig-
nificantly predicted metabolism within AD-like regions at 
T2 (β = 0.439, p = 0.036) (Fig. 4). The significance of the 
effect was confirmed using Sobel’s test (Sobel’s Test statis-
tic = 2.26, p = 0.024).

Finally, the linear regression model showed a significant 
and positive association between metabolism within Cluster 
2 at T0 and the time of clinical conversion to dementia (β 
= 0.442, p = 0.022) - adjusting for age, sex, and education.

Hypo-connectivity was mostly driven by negative cor-
relations in patients but positive in controls (-/+), and 
hyper-connectivity was mostly due to positive correlations 
in patients but negative in controls (+/-) (Supplementary 
Material 4 and Supplementary Fig. 2).

Clustering analysis

STFC identified two clusters per stage that fairly corre-
sponded to “altered” or “unaffected” regions.

The regions consistently altered from MCI to AD demen-
tia stages included the frontal cortex (superior, middle, 
medial, orbital, inferior frontal areas, and rectus), occipi-
tal cortex (superior, middle, inferior occipital gyri, and 
cuneus), parietal cortex (superior, inferior parietal lobules, 
supramarginal, angular gyri, and precuneus), and temporal 
cortex (middle and inferior temporal gyri), along with the 
posterior cingulate cortex and vermis (Fig. 2a).

LC revealed three distinct clusters, each showing unique 
patterns of connectivity changes over the three stages. Clus-
ter 0, representing with low-intensity connectivity changes 
regions, included the middle cingulate cortex, Heschl gyrus, 
temporal pole, and cerebellar cortex. Cluster 1 consisted of 
nodes showing highest hypo-connectivity, in the precuneus, 
superior and inferior parietal lobule, middle temporal lobe, 
occipital cortex, and ventromedial frontal cortex. Cluster 
2 encompassed regions with greatest hyper-connectivity, 
namely, the hippocampus, amygdala and vermis (Fig. 2b).

In the spatial overlap analysis, Cluster 1 showed the 
greater significant overlap with DMN (DICE score = 0.38, 

Fig. 1  Metabolic connectivity analyses. Network plots illustrating 
significant metabolic connectivity alterations in patients compared to 
controls at each disease stage (p < 0.05, FDR-corrected). Circles rep-
resent different macro-areas: purple = Frontal, pink = Limbic, mustard 
= Subcortical, grey = Posterior Fossa, green = Occipital, dark green 
= Temporal, orange = Parietal. The color gradient reflects the strength 

and direction of connectivity changes, with light blue to blue lines 
indicating hypo-connectivity, while red-to-yellow lines indicate hyper-
connectivity. Network visualization was performed using the ggraph 
R package. Abeviations: AD, Alzheimer’s Disease; MCI, Mild Cogni-
brtive Impairment; AD-D, Dementia due to Alzheimer’s Disease
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Fig. 2  Cluster analysis. (a – KLM1) Brain renderings depicting stage-
specific altered nodes identified by KLM1. (b – KLM2) Line plots 
showing z-scores for each longitudinal cluster identified by KLM2, 
separated into hyper- and hypo-connectivity, respectively. Cluster 0 
(cyan line) exhibited low values for both hypo- and hyper-connec-
tivity, suggesting minimal differences between patients and healthy 
controls across stages. Cluster 1 (green line) showed greater negative 
z-scores, indicating consistent hypo-connectivity across stages. Clus-

ter 2 (yellow line) exhibited greater positive z-scores, reflecting pre-
dominant hyper-connectivity. (c) Plots illustrating SUVr values at each 
time point within the longitudinal clusters identified by KLM2. Brain 
renderings were generated using the ggseg-suite packages developed 
by the Lifebrain EU project (https://www.lifebrain.uio.no/), led by the 
Center for Lifespan Changes in Brain and Cognition. Abbreviations: 
AD, Alzheimer’s Disease; MCI, Mild Cognitive Impairment, AD-D, 
Dementia due to Alzheimer’s Disease
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increase [38–40]. These inconsistencies may reflect non-
linear changes over time, with connectivity levels varying 
based on disease stage. Our study adopted a longitudinal 
approach across the whole brain of an AD cohort with posi-
tive markers for amyloid, tau, and neurodegeneration (A+/
T+/N+), to reveal distinctive patterns of hypo- and hyper-
connectivity alterations at three distinct clinical stages.

The transition from AD-MCI to full-blown dementia was 
marked by a spectrum of connectivity alterations, encompass-
ing both hypo- and hyper-connectivity features. In particular, 
hyper-connectivity was detectable since the AD-MCI phases, 
predominantly in limbic and cerebellar regions. Hypo-con-
nectivity instead, involved a widespread network of predomi-
nantly posterior cortical regions, since the AD-MCI phases.

Graph theory metrics highlighted AD associated decreas-
ing connectivity efficiency in key posterior brain regions 
over time, except in limbic and cerebellar regions, nota-
bly the same regions which showed the most consistent 
hyper-connectivity.

Graph theory metrics

AD-MCI showed higher nodal degrees in limbic, parietal 
and cerebellar regions. Path length decreased in limbic 
and occipital areas; local efficiency declined in posterior 
regions; global efficiency increased in limbic and cerebel-
lar areas; betweenness centrality decreased in temporal 
and occipital regions and clustering coefficients decreased 
in posterior regions and increased in limbic and cerebellar 
areas. More detailed results can be found in Supplementary 
material 5 and Supplementary Fig. 3.

Discussion

Previous cross-sectional studies with functional MRI 
showed inconsistent results about connectivity alterations 
in AD: some reported a decrease in functional connectiv-
ity within the DMN [35–37], while others suggested an 

Fig. 3  Spatial overlap analysis with Resting State Networks. Radar 
Plots showing spatial overlap between longitudinal Clusters and func-
tional networks [31]. Box represents significant spatial overlap; dashed 
box represents a trend to significant overlap. **= p < 0.01; *= p < 0.05. 

Abbreviations: Visual, Visual Network; Default, Default Mode Net-
work; DorsAttn, Dorsal Attentive Network; Control, Control Network; 
Sal/VenAttn, Salience/Ventral Attentive Network; Somatomotor, 
Somatomotor Network; Limbic, Limbic Network
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Our findings demonstrate that hyper-connectivity is detect-
able across different imaging modalities, such as FDG-PET, 
and not only limited to functional connectivity, as measured 
by means of BOLD signal of functional MRI.

Second, we showed that hyper-connectivity is not only 
present in the earliest disease phases [42, 43] but plays a 
role in the progression of disease phases. Our results in 
prodromal AD are in agreement with previous evidence 
[7, 42, 43], altogether indicating that hyper-connectivity is 
a very early phenomenon along the course of AD disease. 
The adoption of unsupervised clustering analysis allowed 
here the identification of groups of regions showing stage-
specific alterations (STFC) and groups of regions showing 
consistent patterns of brain connectivity alterations along 
the disease course (LC).

Of note, we found a cluster of regions that were predomi-
nantly hyper-connected throughout the course of the dis-
ease. In particular, the medial temporal regions and vermis 
(LC Cluster 2) were characterized by greater hyper-connec-
tivity than hypo-connectivity, consistently along the course 
of the disease. Increased connectivity in limbic regions 
has already been reported in AD patients [10, 12, 47] and 
appears to be a relevant mechanism in disease pathophysi-
ology and clinical symptoms [12, 14]. Our results suggest 
that limbic network’s nodes are more integrated in AD than 
HC, as indexed by increased degree, global efficiency and 
betweenness centrality, although the functional significance 
of this measure in pathology is far from clear. This might 
either: (1) reflect local compensatory mechanisms dur-
ing early stages, in which increased connectivity in certain 
regions might counterbalance degeneration elsewhere, a 
phenomenon consistent with the Compensation-Related 
Utilization of Neural Circuits Hypothesis (CRUNCH; [48]). 
(2) reflect pathological mechanisms where Aβ pathology 

Additionally, the assessment of connectivity reconfigu-
ration at the whole-brain level, rather than focusing solely 
on specific resting state networks, allowed for the descrip-
tion of the interplay between the emerging connectivity pat-
terns and the progression of brain hypometabolism at each 
stage. While regions consistently hypo-connected (Cluster 
1) during the disease course were the same ones showing 
the most severe hypo-metabolism, the regions emerging in 
LC as constantly hyper-connected across the disease course 
(Cluster 2) were the ones showing the strongest longitudinal 
metabolic decrease, suggesting a different role of hypo- and 
hyper-connectivity in the neurodegenerative process. Of 
note, baseline metabolism in Cluster 2 was also identified as 
a significant mediator of AD-like parieto-temporal hypome-
tabolism and a predictor of speed of conversion to dementia, 
highlighting its critical role in driving neurodegenerative 
changes in core AD regions and clinical progression over 
time.

In this study, we expand the previous evidence in four 
directions.

First, by using FDG-PET metabolic connectivity, we rep-
licate the finding for presence of hyper-connectivity in AD, 
as it was measured via functional MRI (i.e., functional con-
nectivity) [7, 14, 41–44]. While BOLD and FDG signals are 
both related to neural activity, via neurovascular and neu-
rometabolic [45] coupling, respectively, they are not inter-
changeable, as shown by variably converging and diverging 
brain connectivity findings across the two modalities [46]. 
In particular, BOLD signal reflects the complex interplay 
between cerebral blood flow, blood volume, and metabolic 
rate of oxygen, as measured in the blood vessels [46]. FDG-
PET reflects glucose metabolism, which is more directly 
coupled to excitatory neural activity based on glutamatergic 
transmission, as measured in astrocytes and neurons [46]. 

Fig. 4  Mediation analysis. Path 
diagram of the relationship 
between metabolism within AD-
like parieto-temporal regions at 
T0 (AD-MCI) and T2 (AD-D) 
mediated by the metabolism 
within Cluster 2, assessed on the 
patients’ sample. Path-weights 
are displayed as beta values 
with standard errors in brackets. 
Abbreviations: x, independent 
variable; y, dependent variable; 
m, mediator; AD, Alzheimer’s 
Disease; β, standardized coef-
ficient; *= p < 0.05; **= p < 0.01
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(MCI-AD) predicted the speed of conversion to dementia. 
We could speculate that an initial hyper-connectivity cen-
tered around the limbic circuit has a cascade of effects that 
may lead to severe neurodegeneration in the associative 
cortical areas in the advanced disease phase. Altogether, 
our findings suggest a negative role of hyper-connectivity 
in driving neurodegeneration, consistently with previous 
observations in other neurodegenerative diseases [38] and 
possibly against the hypothesis that hyper-connectivity 
might reflect compensatory mechanisms [19, 55, 56]. This 
is also consistent with the recent finding that hyper-connec-
tivity drives tau pathology accumulation [7], and in keeping 
with the tight association between tau burden and neurode-
generation [57]. The interplay between Aβ and tau accel-
erates network dysfunction, while activated microglia near 
plaques amplify tau bioactivity through pro-inflammatory 
signaling and processing, creating a localized environment 
of increased connectivity that may precede synaptic col-
lapse and neurodegeneration [58].

Our study has some limitations that warrant discussion. 
First, the HC and AD cohorts included in the current study 
significantly differed in terms of prevalence of APOE ε4 
allele, however a finding in line with previous reports [59, 
60]; while it is known that APOE ε4 alleles might affect 
glucose metabolism [61, 62] and brain connectivity [59], it 
is yet to be determined whether the APOE ε4 allele is spe-
cifically linked to hyper-connectivity. Unfortunately, the 
skewed distribution of the number of APOE ε4 alleles in 
our cohorts prevents us from investigating this aspect.

Second, we were unable to fully establish the prognostic 
value of hyper-connectivity-based markers. While we could 
prove that metabolism in hyper-connected regions predicts 
speed of conversion to dementia, we could not establish a 
linear relationship between metabolism in hyper-connected 
regions at baseline and cognitive chances, as assessed by 
ADNI-Mem scores. The limited sample size and homoge-
neity of our cohort may have reduced our ability to predict 
this cognitive outcome. Future studies involving larger and 
more heterogeneous samples will be essential to establish 
the predictive utility of early network alterations.

In addition, our original cohort selection—designed to 
ensure homogeneity and sufficient biomarker and clinical 
data across subjects—did not yield participants who met 
established criteria for preclinical AD. Future integration 
with the current dataset may extend our results to the full 
AD continuum.

In conclusion, brain hyper- and hypo-connectivity are 
observed throughout the AD longitudinal continuum; hyper-
connectivity is present since the earliest pre-dementia phases 
(i.e. prior to conversion to AD dementia). The association 
of glucose metabolism in hyper-connected limbic regions 
with longitudinal decreases in temporoparietal glucose 

would induce hyperactivity [49] and hyper-connectivity [7], 
as previously demonstrated for the medial temporal lobe. 
The limbic areas, specifically the medial temporal lobe, is 
considered an early site of tau pathology accumulation [50]. 
Notably, Hojjati et al. showed a mediation effect of hyper-
connectivity on the association between cortical Aβ and 
early-phase limbic tau accumulation in AD [51]; the same 
mediation effect was replicated by Roemer-Cassiano et al. 
[7]. More recently, medial temporal hyperconnectivity was 
reported as a driver of hypometabolism and hippocampal 
atrophy [14].

Still, the bulk of the connectivity alterations predomi-
nantly involves regions of the default mode network (LC 
Cluster 1), showing predominant hypo-connectivity, consis-
tently, throughout the course of the disease. These results 
are in accordance with previous evidence based on func-
tional MRI showing that a predominant hypo-connectivity 
in DMN regions emerges as the disease progresses [41–44],.

Third, an in-depth analysis of hyper-connectivity showed 
that, hyper-connectivity was primarily driven by a switch 
in the direction of the correlation, observed in the MCI-AD 
and AD-D stage, from negative correlations, in controls, 
to positive correlations, in patients. This was particularly 
evident in the connections between cerebellar-limbic and 
cortical-cerebellar node connections. The present finding in 
HC is consistent with previous FDG-PET evidence show-
ing strong negative correlations between cerebellum and 
cortical areas in healthy individuals [52]. While the nature 
of these negative correlations is unclear, one intriguing 
hypothesis is that, in healthy individuals, negative correla-
tions might reflect a mechanism of efficient counter regula-
tion of activity between the cortical and cerebellar network, 
where more limited energetic resources are allocated to the 
cerebellum to enhance cortical activity [52]. Based on our 
findings, it appears that this mechanism is lost in mild AD. 
Still, it must be noted that the biological interpretation of 
negative correlations remains debated, with some authors 
interpreting negative correlations as reflecting inhibition 
or deactivation [53], which suggest that methodological 
choices (e.g. global signal regression for fMRI, global mean 
scaling for PET) might be playing an important role in the 
emergence of artifactual negative correlations [54].

Fourth, and last, when investigating the relationship 
between hypo- and hyper-connectivity and glucose metabo-
lism, as an index of (excitatory) synaptic dysfunction, we 
observed that regions consistently hyper-connected during 
the course of the disease were the only ones showing a sig-
nificant and fast longitudinal decrease in glucose metabo-
lism. In addition, the hyper-connected cluster was the only 
one showing a mediation effect on the AD-like parieto-
temporal hypometabolism pattern progression. Further, glu-
cose metabolism in the hyper-connected cluster, at baseline 
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