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Fingerprintsofbraindisease: connectome
identifiability in Alzheimer’s disease
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Functional connectivity patterns in thehumanbrain, like the friction ridgesof a fingerprint, can uniquely
identify individuals. Does this “brain fingerprint” remain distinct even during Alzheimer’s disease (AD)?
Using fMRI data from healthy and pathologically ageing subjects, we find that individual functional
connectivity profiles remain unique and highly heterogeneous during mild cognitive impairment and
AD. However, the patterns that make individuals identifiable change with disease progression,
revealing a reconfiguration of the brain fingerprint. Notably, connectivity shifts towards functional
system connections in AD and lower-order cognitive functions in early disease stages. These findings
emphasize the importance of focusing on individual variability rather than group differences in AD
studies. Individual functional connectomes could be instrumental in creating personalized models of
AD progression, predicting disease course, and optimizing treatments, paving the way for
personalized medicine in AD management.

The sharp increase of publicly available neuroimaging datasets1–3 in the last
few years has provided an ideal benchmark for mapping functional and
structural connections in the human brain. At the same time, quantitative
analysis of connectivity patterns basedonnetwork sciencehas becomemore
commonly used to study the brain as a network4,5, giving rise to the scientific
field of brain connectomics6. Seminalwork in this research area7–9 has paved
the way towards the new promising avenue of detecting individual differ-
ences through brain connectivity features. These studies showed that an
individual’s functional connectivity patterns estimated from functional
magnetic resonance imaging (fMRI) data, also known as functional con-
nectomes (FCs), can constitute a marker of human uniqueness, as they can
be used to identify a given individual in a set of functional connectivity
profiles from a population9. Given the analogy to well-known properties of
the papillary ridges of the human finger, the field has taken the name of
‘brain fingerprinting’ and, since then, the extraction of “fingerprints” from

human brain connectivity data has become a new frontier in neuroscience,
well beyond fMRI data. In fact, studies have investigated brain fingerprints
in electroencephalogram (EEG10–12) or functional near-infrared spectro-
scopy (fNIRS13), and very recently from magnetoencephalography (MEG)
in order to investigate neural features of individual differentiation14–18. The
excitement produced by the discovery that brain fingerprints can be
extracted from matrices summarising human brain activity, either during
rest orwhen performing a task, is unsurprising, for several reasons. Firstly, it
confirms that studying the brain as a network can provide useful tools to get
insights into the individual features that distinguish our brains one from the
other; and second, it has been shown that brain fingerprints relate to
behavioural and demographic scores19,20. Accordingly, efforts have been
made to implement ways of maximising and denoising fingerprints from
brain data21–23. These findings incentivized human neuroimaging studies to
advance from inferences at the population level to the single-subject level
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and allowed the field to move towards an individualised prediction of
cognition andbehaviour frombrain connectomes24–27. The next natural step
is to explore whether this property of the human brain ismaintained during
disease.Despite promising preliminaryfindings towards this direction16,28, it
is to date unclear to what extent FC fingerprints could be used for mapping
disease from human brain data. In fact, the vastmajority of studies on brain
fingerprinting have focused on healthy individuals, leaving the field of brain
fingerprinting within the context of brain diseases largely, if not completely,
unexplored.

Cognitive decline anddementia are thefinal consequences of a series of
pathological brain events. In the case of Alzheimer’s disease (AD), which is
themost common cause of dementia, these events involve the accumulation
of toxic proteins such as β-amyloid and hyperphosphorylated tau between
and within neurons, leading to neuronal death and ultimately causing
damage to the wider structural and functional architecture29. In line with
this, AD is often referred to as a ‘disconnection syndrome’30 and, numerous
studies have focussed on connectivity alterations in AD31–33. This extensive
body of literature has demonstrated that AD is associated with loss of
functional connectivity between brain regions and disruption of network
organisation. Overall, the literature suggests that during AD, the brain
undergoes both a loss and a reorganization of functional connectivity,31–44

and that these changes are closely tied to the underlying β-amyloid45,46 and
tau pathophysiology47–50.

However, to date, there is a lack of a functional connectivity alteration
biomarker with an adequate level of specificity and sensitivity concerning
the various stages of AD32, and this has hindered the routine use of fMRI in
clinical practice39,51. This is partly due to the intrinsic properties of con-
nectivity from resting-state fMRI, a technique that is greatly influenced by
factors affecting the obtained signal (heterogeneity in acquisition para-
meters, scanners characteristics, andmotion52), by differences in the chosen
signal-processing approaches39, but also by the fact that existing studies
focused on group averages, overlooking heterogeneity among individuals.
Addressing the open research question of fingerprinting during brain dis-
ease could therefore open the door to individual characterization of AD
from functional connectivity data and pave the way to a more widespread
implementation in clinical settings. Investigating fingerprints of stages of
AD is also tightly connected to the concept of “precisionmedicine”53, since it
might not only provide insights on the individual trajectories of pathological
brain ageing, but also allow for the surveillance of adapted personalised
treatments during AD, advancing medicine in its quest for individualised
biomarkers of neurodegeneration54.

In this work, we investigated within-scan brain connectivity finger-
prints using fMRI data collected from two independent datasets from
healthy ageing individuals and patients at different stages of cognitive
decline due to AD. This study builds upon prior research on brain fin-
gerprinting in AD16 by pioneering four significant advancements:
(a) employing fMRI, replacing the previously utilized MEG technology;
(b) broadening the scope of the investigation to encompass the advanced
stages of the disease, including dementia in addition to mild cognitive
impairment (MCI); (c) exclusively enroling amyloid-positive patients,
thereby ensuring a focus on cognitive decline specifically attributable to
AD; and (d) integrating data from two distinct cohorts, enhancing the
robustness and generalizability of the findings. We started by estimating
functional connectome fingerprints of a clinically homogeneous and
deeply characterised cohort of cognitively unimpaired amyloid β-negative
individuals (CU Aβ−), amyloid β-positive patients with mild cognitive
impairment (MCIAβ+) and amyloid β-positive patientswith dementia due
to AD, during the first and second half of the fMRI session. We found that
whole-brain functional connectivity patterns remained reliable across
healthy and pathological brain ageing; in other words, it was possible to
correctly identify a patient solely based on its functional connectome. Yet,
significant differences in the spatial organisation of the brain fingerprint
could be observed during the different stages of AD.Notably, the functional
connections that were the most reliable in CU Aβ− disappeared in MCI
Aβ+ andADdementia, leaving room for other stable connections, adjusted

to the process of neurodegeneration. Furthermore, we looked at the dis-
tribution of connections with the highest fingerprint (i.e. temporally stable
across time and allowing subject identification), and we found a significant
transition towards between-functional system connections in key func-
tional-networks, when going from healthy to AD. Finally, this topological
reconfiguration appeared to be associated with mostly high-order cognitive
processes in CU Aβ−, and shifted to other functions during the different
stages of AD. These findings emphasize the significance of harnessing brain
uniqueness by shifting the research focus from group differences to indi-
vidual variability when investigating functional connectivity altera-
tions in AD.

Results
We investigated within-session brain fingerprints of neurodegeneration in
two independent cohorts for a total ofN = 126 subjects (i.e. Geneva cohort:
N = 54 andADNI:N = 72) during healthy ageing anddifferent stages ofAD:
CU Aβ−, MCI Aβ+ and AD dementia. Our approach can be summarised
in three steps: (1) we first estimated the FCs of each subject during the first
and second halves volumes of fMRI acquisitions separately, (cf. Fig. 1A and
see “Methods” for details). (2) We then estimated the degree of within-
sessionbrain identificationor “brainfingerprint” at thewhole-brain level for
each group separately, through a mathematical object called identifiability
matrix22 (cf. Fig. 1B). The identifiability matrix provides two useful metrics
for brain fingerprinting: the degree of similarity of each subject with itself
(ISelf, diagonal elements, Fig. 1B) as opposed to others (IOthers, off-diagonal
elements Fig. 1B), and the degree of braindiscriminability, conceptualised as
the extent to which subjects were more similar to themselves than others
(IDiff, see “Methods”). We also estimated the success rate of the identifi-
cation procedure, as originally proposed by ref. 9. (3) We further explored
the spatial specificity of brain fingerprints by estimating the degree of dis-
tinctiveness of each FC-edge at the individual level, using intraclass corre-
lation (ICC, see “Methods” and Fig. 1C). Edge-wise fingerprint was then
computed at the networks (Fig. 1C) and hubs level (Fig. 1D).

Whole-brain within-sessions brain fingerprint during AD
In these first analyses, we investigated the degree of identification at the
whole-brain level. We found that the success rate of the identification
procedurewas 100% in both theGeneva andADNI cohorts. In otherwords,
in each group, each individual showed significantly higher similarity with
themselves (ISelf), as opposed to others (IOthers) (Fig. 2B, D, Geneva and
ADNI p < 0.0001), and IDiff was high in the three groups. We also found
that test–retest reliability (ISelf) was high in the three groups and in both
cohorts, with no significant differences across groups after controlling for
nuisance variables, i.e. age, sex, years of education (YoE) and absolute dif-
ference between motion (FD) at test vs retest [ANOVA with 5000 permu-
tations to control for sample size differences; Geneva: F(2) = 0.08, p = 0.918;
CU Aβ−: N = 16; M(SD) = 0.60(0.07); MCI Aβ+: N = 32; M(SD) =
0.60(0.10); AD dementia: N = 6; M(SD) = 0.60(0.07); cf. Fig. 2A; ADNI:
F(2) = 0.95, p = 0.389; CU Aβ−: N = 40; M(SD) = 0.73(0.07); MCI Aβ+:
N = 21; M(SD) = 0.70(0.08); AD dementia: N = 11; M(SD) = 0.71(0.08); cf.
Fig. 2C]. See Supplementary Fig. 1A for boxplots of ISelf across groups and
Supplementary Table 1A for full statistics for one-wayANOVAs.We tested
differences in between-subjects similarity (IOthers) after controlling for
nuisance variables (i.e. age, sex, YoE, averagemotion (FD) and scanner type,
the latter for the ADNI dataset only). We found a main effect of the group
[ANOVA with 5000 permutations to control for sample size differences;
Geneva:N = 54; F(2) = 15.3, p < 0.001; ADNI:N = 72; F(2) = 4.2, p = 0.021],
revealing reduced between subjects similarity inMCI Aβ+ patients relative
to CU Aβ− in the Geneva cohort [Bonferroni adjusted; MCI Aβ+ vs CU
Aβ−:p < 0.0001] and inADdementia patients relative toCUAβ− inADNI
[Bonferroni adjusted; ADNI: AD dementia vs CU Aβ−: p = 0.009]. See
Supplementary Fig. 1B for boxplots of IOthers across groups and Supple-
mentary Table 1B, C for full statistics for one-way ANOVAs and post-hoc
pairwise comparisons. Finally, permutation testing showed that IDiff and
Success rates were different from null distributions at p < 0.01 in all groups
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Fig. 1 | Exploring FC fingerprints of neurodegeneration, schematics of the
approach.We estimated the FC fingerprint in cognitively unimpaired Aβ-negative
(CU Aβ−), MCI Aβ+ and dementia Aβ+ (AD dementia) patients across two
independent cohorts (Geneva, ADNI). Thewithin-session fingerprint was estimated
at the whole brain level as the degree of similarity between functional connectivity at
test (FC Test, first 50% volumes) vs retest (FC Retest, second 50% volumes, see
“Methods” for details) (A) and summarised in a mathematical object called iden-
tifiability matrix (B)22. The identifiability matrix shows within-subjects similarity
(ISelf, elements in diagonal) and between-subjects similarity (IOthers, off-diagonal
elements) across each group/cohort. Where ISelf > IOthers the identification pro-
cedure is successful.We also estimated IDiff, an estimation of the group-level whole-

brain fingerprint as the distance between ISelf and IOthers (see “Methods”).C Spatial
specificity of FC fingerprint was estimated for each group/cohort using ICC,
quantifying the fingerprint for each brain edge (connection). ICC matrix is ordered
according to the seven cortical resting state networks (RSNs) as proposed by ref. 91.
D Fingerprinting hubs were computed as nodal strength of the ICC matrix for each
group. VIS visual network, SMT somatomotor network, DA dorsal-attention net-
work, SA salience network, L limbic network, FPN fronto-parietal network, DMN
default-mode network, SBC subcortical regions. Icons were downloaded from
https://thenounproject.com/ under a Creative Commons Attribution License
(CC BY 3.0).
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and in both cohorts (Fig. 2A, C). In sum, these data show that it is possible
to correctly identify an individual with significantly greater accuracy
relative to surrogate null models15 (see “Methods” for details), indepen-
dently from the clinical status, and solely based on the patterns of
brain activity within the scan. We note that the identifiability results
were replicated in two independent cohorts, using two different pre-
processing pipelines.

Spatial specificity of brain fingerprint during AD
We next assessed the spatial specificity of brain fingerprints using edgewise
intra-class correlation22 (ICC). In both cohorts, we observed a spatial
reconfiguration of themost identifiable edges as AD progressed (cf. Fig. 3A,
B). In other words, connections with the highest ICC had a different
topological distribution in the three groups.Although therewere differences
between the two cohorts, we also identified common features that were

Fig. 2 | Functional Connectivity fingerprints
during AD. A–C Identifiability matrices show
within- (ISelf) and between-subjects (IOthers)
test–retest reliability as Pearson correlation coeffi-
cient in CU Aβ− (Geneva N = 16; ADNI N = 40),
MCI Aβ+ (Geneva N = 32; ADNI N = 21) and AD
dementia (Geneva N = 6; ADNI N = 11), for the two
independent cohorts investigated (Geneva N = 54
and ADNI N = 72, see “Methods” for details). Indi-
viduals’ ISelf and IOthers are displayed, respectively,
in the diagonal and off-diagonal elements of the
matrix. The average ISelf, IDiff and Success-ratewere
similar in the three groups and IDiff and Success-rate
significantly differed from random distributions.
B–D Boxplots shows that ISelf was significantly
higher (paired-sample t-test) than IOthers in all
individual cases and in all groups, for both the
Geneva and the ADNI datasets. **p ≤ 0.01. Error
bars indicate the 25th and 75th percentiles.
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Fig. 3 | The connections with the highest fingerprint undergo spatial reconfi-
guration during AD. AGeneva cohort; B ADNI cohort; spatial specificity matrices
of FC-fingerprints for each group as measured using edge-wise intra-class correla-
tions (ICC). Here we display ICC values, computed using bootstrapping for a subset
of randomly chosen subjects, across 1000 bootstrap runs, and then averaged within
each group. We show edges with ICC between the 5th and 95th percentile. COverlap
Geneva-ADNI; overlap across the two cohorts of spatial specificity matrices of FC-

fingerprints. Matrices in (A, B) were binarized for ICC > 0.6 which is considered a
‘good’ ICC score55, and only overlapping edges are displayed. n edges = number of
overlapping edges. Matrices in (A–C) are ordered according to seven cortical RSNs
as proposed by ref. 91. VIS visual network, SMT somatomotor network, DA dorsal-
attention network, SA salience network, L limbic network, FPN fronto-parietal
network, DMN default-mode network, SBC subcortical regions.
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shared. To investigate these common features, we examined the overlap
between the edges with ‘good’ levels of ICC (ICC > 0.6)55 across the two
cohorts (cf. overlap ICCmatrix in Fig. 3C).We observed a slight decrease in
thenumber of edgeswith ‘good’ ICC inMCIAβ+ relative toCUAβ−, and a
large increase inADdementia relative tobothCUAβ− andMCIAβ+ (cf. ‘n
edges’ in Fig. 3C). The lower count of edges with high ICC in theMCI Aβ+
group may reflect the incipient AD pathology causing reorganization, and
the fact that MCI Aβ+, though biologically homogeneous, presents with
distinct clinical subtypes (e.g. amnestic vs non-amnestic)56 and uncertain
disease trajectories (i.e. not all MCI Aβ+ convert to AD dementia57,58).
Given these observations, we delved deeper into the spatial distribution of
the edges with good ICC within each resting-state network.

Brain fingerprint in resting-state functional networks during AD
We looked at the number of edges in the binary overlap ICCmatrix for each
group (CUAβ−,MCIAβ+ andADdementia) in eachnetwork (within and
between), relative to the total number of edges.Our results showed thatMCI
Aβ+ individuals had a slightly reduced fingerprint relative to CUAβ− (i.e.
slightly negative ratio disease/health, R netð Þ), with an average of −0.2 and
−0.5 folds relative to CU Aβ− in within- and between-networks, respec-
tively. In contrast, patients with AD dementia showed a considerable
increase in fingerprint (i.e. positive R netð Þ) across all functional networks

(see Fig. 4A). The greatest increase was in the SBC network, including
hippocampal and medial temporal regions, which are the earliest regions
displaying atrophy and tau pathology in AD59,60. In addition, in between
networks, there was an average increase of 2.4 folds, in particular for DMN,
FPN and VIS. There was also a higher fingerprint in within-networks, with
an average increase of 2.2 folds. This shows that the increase in a number of
edges with the highest ICC in AD dementia was widely distributed across
the cortex especially driven by the regions with the most long-lasting neu-
ropathology, and by between-network connections in key resting-state
functional networks.

Next, we analysed the differences in within-network and between-
networks fingerprints. We conducted a Chi-Square test to compare the
number of edges within each network vs the number of edges of that net-
work with the others (i.e. between-network). The results showed that in CU
Aβ−, in VIS, Limbic, FPN and DMN the proportion of edges with high
fingerprint was significantly higher (Bonferroni corrected) in within-
networks relative to between-networks (see Fig. 4B, see also Supplementary
Fig. 2). Conversely, in bothMCIAβ+ andADdementia a notable reduction
in Chi-Square statistics was observed in the FPN network. This indicates
that, relative to CU Aβ−, patients with AD had higher fingerprints in the
connections of the FPN with the rest of the brain. In Visual and DMN
networks, a similar reduction in Chi-Square was observed, but only for AD

Fig. 4 |Distributionof brainfingerprint across resting-state functional networks.
Distribution of the edges with the highest ICC common to both cohorts (from ICC
overlap binary matrix, cf. Fig. 3C) in within-networks and between-networks.
A Distance from healthy reference computed as ratio disease/health, R netð Þ, cf.
“Methods”). Positive/negative values denote increase/decrease in the percentages of
edges, respectively. Note, across all networks, the overall increase in percentages of
edges in AD dementia patients and a slight decrease in MCI Aβ+. B Comparison of
edges within- vs between-networks expressed as Chi-Square statistics. A high value
with * denotes a significant (Bonferroni corrected) difference in the number of edges

in within-networks vs between-networks. With some exceptions (see main text and
Supplementary Fig. 2), this reflects a higher percentage of edges within relative to
between networks. The chi-square for VIS in CUAβ− andMCI Aβ+was >800, but
here we display a chi-square ≤ 300 for visualisation purposes. Wwithin-networks, B
between-networks, ICC intra-class correlation, CU Aβ− cognitively unimpaired
Aβ-negative, VIS visual network, SMT somatomotor network, DA dorsal-attention
network, SA salience network, L limbic network, FPN fronto-parietal network,
DMN default-mode network, SBC subcortical regions.
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dementia, indicating a higher number of edges in between networks only in
the advanced stages of the disease. For the Limbic network, we observed a
reduction in Chi-Square for MCI Aβ+ and an increase during AD
dementia. This reveals a diminished discrepancy in edges with high fin-
gerprint for between vs within-network connections during the inter-
mediate phases of the disease (MCI Aβ+), while during AD dementia the
Limbic network had an even higher proportion of edges with high finger-
print in within-networks, relative to between-network connections. Addi-
tionally, patients also showed increased within/between-networks
proportion difference in other networks, where CU Aβ− did not show any
notable difference. For instance, AD dementia had increased fingerprints in
within-networks connections in SMT and in between-networks connec-
tions in SA networks. See also Supplementary Fig. 2, for the percentages of
edges with high fingerprint in each network across groups.

In summary, these findings suggest that the distribution of edges with
the highest fingerprint across resting-state functional networks undergoes
changes during AD. Specifically, the distribution shifts towards more
between-network connections in some key networks such as visual, FPN
and DMN.

Regional brain fingerprint during AD
Finally, we further explored the pattern of spatial reconfiguration as
expressed by the ICC nodal strength of each brain region. Nodal strength
was derived only from the edges that were significantly different from a
permuted matrix randomly including subjects of the three groups (see
“Methods”). We observed that regions contributing to the fingerprint
(fingerprinting hubs) differed across groups and between cohorts (cf.
Supplementary Fig. 4), confirming that functional connectivity patterns are
unique. Nevertheless, there was considerable overlap in the edges with the
highest fingerprint across the two cohorts (Fig. 5).

At last, we wanted to link brain fingerprints during the different stages
of AD with behaviour. After deriving the group-specific nodes with the
highest ICC values that were common across the two independent cohorts
(cf. “Methods”), we applied a Neurosynth meta-analysis based on 50 topic
terms onto the brain fingerprint of each group, similarly to previous
work61,62.We found that inCUAβ−, brainfingerprintswere associatedwith
higher-orderprocesses such as long-termmemory, language, semantics and
executive functions, that rely on the integration of complex mental repre-
sentations. On the other hand, in MCI Aβ+ we observed a shift towards

Fig. 5 | Fingerprinting hubs of AD and its association with behaviour. A Brain
fingerprint map showing the top 25% of brain nodes overlapping across the two
cohorts. B The Neurosynth meta-analysis of the brain fingerprints maps across
healthy ageing and AD show a spectrum of association with higher order
processes in CU Aβ−, towards lower-order sensory-motor processing during

MCI Aβ+ and back to a higher order, as well as affective, pain and social processing,
during AD dementia. Brain fingerprints were linked with memory processes both
in healthy ageing and during AD dementia, with different regions driving this
association.
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low-order sensory and motor processes. This pattern aligns with the ‘cas-
cading network failure’ model, which posits a transition in connectivity
fromhigher-order to lower-order circuits. This shiftmay represent an initial
compensatory mechanism in the early stages of the disease, which even-
tually falters as the disease progresses63.

In AD dementia we observed a shift back to high-order cognitive
functions, similar toCUAβ−, alongwith the involvement of regions related
to affective/social processing including ‘social cognition’, ‘pain’, ‘emotion’
and ‘reward-based decision making’.

Discussion
In this work, we aimed to provide an answer to the fundamental question of
how human brain fingerprints change during normal and pathological
brain ageing due to AD. To do so, we evaluated the within-session identi-
fication properties of FCs during healthy ageing (CU Aβ−), MCI and
dementia due to AD (i.e.MCI Aβ+ and AD dementia) in two independent
cohorts using fMRI data from N = 126 individuals, and along two main
lines: i) we investigated whether the within-session identification properties
weremaintained at thewhole-brain level across the different clinical groups,
ii) we explored the spatial configuration of brain fingerprints along the
continuum between healthy and pathological brain ageing due to
AD (Fig. 1).

Our study revealed that individuals can be accurately identified based
solely on the patterns of brain activity even duringAD (Fig. 2). Remarkably,
individuals remainedhighly consistent in their brain connectivity across test
and retest (ISelf), independent of their clinical condition. Additionally,
patients exhibited a high degree of distinguishability from one another
(IOthers), sometimes even more so than healthy elderly individuals among
themselves (Supplementary Fig. 1B). This finding suggests that disease can
enhance the distinctiveness of individuals based on their functional con-
nectivity. We note that these results were observed in two independent
datasets (Geneva and ADNI) with different acquisition parameters, signal-
to-noise ratio and pre-processing pipelines, supporting the robustness of
our results. This highlights the importance of taking into consideration, and
making use of, this rich inter-individual variability to fully capture the
complexity of functional alterations associated with AD. For example, tau
spread has been linked to averaged templates of functional connectivity50

and our findings carry important implications for this field of research, as
they suggest that leveraging the individual characteristics of FCs could be
fundamental to elucidating the heterogeneity of tau spread and, therefore,
disease progression.

When examining the topological distribution of connections under-
lying this uniqueness, we observed a spatial reconfiguration of regions with
the highest fingerprint during different stages of AD. Consistent with pre-
vious research utilizingMEG-based FCs16, we identified a global decrease in
identification between healthy elderly individuals and those with MCI.
Additionally, and extending this work, we reported a significant increase in
the number and sparsity of these temporally stable connections in patients
with AD dementia (Figs. 3C and 4A). In MCI Aβ+, the AD pathology is at
its early stages, and it is conceivable that this can lead to functional con-
nectivity reconfiguration and readaptation, resulting in a reducednumberof
connections with stable patterns of connectivity among individuals. In our
study, we included only MCI Aβ+, which is a biologically homogeneous
subtype with a relatively predictable clinical trajectory57,58. However, not all
MCIAβ+ convert to ADdementia andMCIAβ+ can present with distinct
clinical subtypes (e.g. amnestic vs non-amnestic). Thus, we cannot exclude
that the reduced number of regions contributing to the fingerprintmay also
reflect this clinical heterogeneity. Conversely, AD dementia represents a
more well-defined clinicopathological entity51,64, and the advanced stage of
the disease facilitates, in most cases, clinical exclusion of alternative aetiol-
ogies, leading to ahigher clinical homogeneity betweenpatients. In addition,
the AD pathophysiology is advanced in these patients and the functional
reconfiguration is likely to have reached its plateau, and this could result in a
higher number of connections remaining “unhealthily” stable across time
among individuals.

Next, we observed that in CU Aβ−, in the visual (VIS), fronto-parietal
(FPN), default-mode (DMN) and limbic (L) networks, edges with the highest
fingerprint were mostly within-networks, while they appeared increasingly in
between-networks connections in AD dementia (Figs. 3 and 4B). Previous
work consistently showed that the FPNandDMNnetworks are found among
the networks that display the highest inter-subjects variability in healthy
populations9,65,66 andour results showed that the variability initially intrinsic to
within-system connections gets distributed to connections between these
networks and the rest of the brain, as the disease progresses. Notably, our
findings in AD dementia patients showed that having increasing temporally
stable and therefore differentiable links does not always carry a positive
prognostic. One possible hypothesis would be that the neurodegenerative
processes affect the healthy topological variability of functional connectivity
patterns, creating unhealthy “hyperstability” in the functional connections
between different functional systems, which then could hinder the capacity of
the brain networks to hop67 or reconfigure68 between different dynamical
states. This aligns with prior research demonstrating that variability in brain
functions is crucial for ensuring the brain’s optimal responsiveness to a
dynamic environment, and that this characteristicdiminisheswith age69–71 and
generally supports cognitive performance70,71.

Previousworks showed that themain drivers of the uniqueness of each
individual functional connectomeoriginate frombrain areas responsible for
higher-order cognitive processing during health9,22. However, it was not
known whether this changed in response to AD. In this work, we present
strong evidence based on two independent cohorts, revealing how within-
session brain fingerprints map onto different cognitive functions during
healthy vs pathological ageing due to AD (Fig. 5). Specifically, during
healthy ageing, brain fingerprints exhibit a range of associations with
higher-order processes, resembling those observed in young, healthy indi-
viduals in between-sessions fingerprints. Conversely, in MCI Aβ+, brain
fingerprints show a shift towards lower-order sensory-motor processing. In
the early stages of the disease, as amyloid pathology accumulates and affects
connectivity within regions responsible for higher-order cognition, such as
the DMN45, it is plausible that these perturbations may lead to decreased
regularity and stability in their connectivity patterns over time, resulting in a
less distinctive ‘fingerprint’. In contrast, sensory-motor regions, typically
unaffected by early amyloid pathology72, may exhibit adaptive changes in
their functional connectivity patterns as a compensatorymechanism, in line
with the ‘cascadingnetwork failure’model proposed by Jones et al.63. Finally,
as AD progresses to its advanced stages, we have observed a shift in fin-
gerprint towards higher-order cognitive functions, encompassing social,
affective, emotional and pain processing as well as decision making influ-
enced by reward. The involvement of regionsmodulating emotion and pain
is consistent with clinical and imaging observations indicating that social-
emotional functioning tends to remain relatively preserved in AD. This
preservation aligns with hyperactivity observed in the SAL network, known
for its role in detecting and integrating emotional and sensory stimuli73. In
the context of the cascading network failure model, these circuits may
represent a final opportunity for the brain to ‘compensate’ for AD pathol-
ogy. On the contrary, the highest fingerprints in regions implicated in
higher-order processes, may denote maladaptive stability in regions where
functional reconfiguration is nomore possible. Note that brain fingerprints
were linked with memory processes both in healthy ageing and during AD
dementia (cf. Fig. 5B), although the regions driving this association differed
in the 3 groups (cf. Fig. 5A).

This study builds upon an existing body of research in AD utilizing
various neuroimaging modalities and analytical techniques, including
machine learning approaches, giving insights into individuality. The con-
tribution of this work lies in the novel approach we have taken to individual
feature extraction within each specific diagnostic group. While machine
learning approaches extract features from existing data and diagnostic
classifications that allow new patient allocation to a specific diagnostic
group, this approach extracts sources of individual variability specific to a
diagnostic group that could help in predicting individual clinical features
within eachdiagnostic group. In this respect, the extractionof individualized
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FC features through our fingerprinting approach could potentially be used
for machine learning prediction. The two approaches are therefore com-
plementary and answer different clinical and research questions.

Our work has some limitations. First, the impact of the choice of the
brain atlas should be further verified. Second, it is known that connectivity
measures are highly susceptible to artefacts arising from head motion and
respiratory fluctuations74,75, and these effects are even more pronounced in
pathological conditions. However, in our datasets, we did not find high-
motion data points to significantly contribute to the differences in finger-
printing across groups.We observed no significant difference across groups
in the percentage of censored volumes [p ≥ 0.634] and differences inmotion
between test and retest volumes did not explain the variance of individuals’
test–retest similarity (i.e. ISelf, cf. Supplementary Table 1A). Nonetheless,
future work should analyse in-depth the effect of motion at shorter time
scales, where these artefacts can dominate. Third, in this study, we used two
halvesof the same scanning session to estimate identifiability, focusingmore
on the FC features leading to brain identification within the session.
Obtaining test–retest sessions across different days in clinical cohorts poses
significant challenges, and to the best of our knowledge, there are currently
no publicly accessible large datasets of fMRI data collected across closely
spaced timepoints (suchas oneweek apart) in cognitively impaired cohorts,
unlike with healthy cohorts (e.g. Human Connectome Project). One
potential workaround to this issue is to cut the resting state time series in
half, as originally proposed22. Although this approach introduces the con-
found of looking at “within-session” fingerprinting, which could be influ-
enced by the specific moment of scanning, it has the advantage of reducing
scanner and acquisition noise, which are typically major confounding fac-
tors in connectome identification23. Moreover, thismethod has been shown
to yield similar identifiability results compared to data acquired across
separate sessions (refer to SupplementaryFig. 3 in ref. 22 for a comparisonof
healthy subjects’ data from the Human Connectome Project). Nonetheless,
it should be noted that within-scan fingerprinting in this work should be
regarded more as a first temporal stability investigation of the resting-state
functional brain network across AD. Future studies should aim to replicate
our analysis using the “standard” between-sessions identification approach.

The scope of the current work was to investigate the preservation of
identifiability and characterize its topological configuration across the dif-
ferent stages of cognitive decline due to AD. This study answers this fun-
damental question by pioneering the use of fMRI data from amyloid-β
positive Alzheimer’s patients across various cognitive decline stages,
including dementia, and across two independent cohorts, marking a sig-
nificant advancement in the field. While the ultimate goal is to utilize
individual features of FC to predict behavioural and clinical outcomes, such
as cognitive scores, this was not possible in this current work for the fol-
lowing reasons. First, individual variations in clinical features may not be
fully characterized by global assessments like theMMSE,whichwas the only
behavioural score consistently available across all subjects in the two data-
sets. Additionally, MMSE is used as a criterion for patient stratification (e.g.
CU: MMSE ≥ 27; MCI: MMSE ≥ 19), therefore attempting to predict
MMSE scores from FC individual variability within specific patient groups
risks circular reasoning and may be confounded by the limited variance
observed in MMSE scores within each group (e.g. in ADNI: CU Aβ−
M(SD) = 29.2(0.9); MCI Aβ+ M(SD) = 27.2(2.4); AD dementia M(SD) =
21.6(2.7)), thereby compromising statistical power. Future work should
focus on predicting clinical scores utilizing more sensitive neuropsycholo-
gical assessments beyond MMSE.

Thiswork raises novel questions and indicates directions for upcoming
research. For example, future works could build upon these findings by
examining the temporal aspects of brain fingerprints in neurodegeneration.
Recent studies have in fact demonstrated that, in healthy individuals, brain
fingerprints emerge at different time-scales76, yet it is unknownwhether this
could change because of AD. Future studies should integrate and validate
our findings over longitudinal data to directly link temporal stability
changes to adaptive or maladaptive brain function in neurodegeneration.
Subsequent studies should also delve deeper into the relationship between

atrophy, tau and amyloid accumulations. In our study, both cohorts were
stratified based on amyloid status and stages of cognitive decline. Future
investigations with larger samples could explore differences in groups with
stratification using comprehensive biomarker phenotyping, such as the
presence of tau pathology, atrophy, and/or APOE genotyping.

Methods
Participants
Participants were included from two independent cohorts: the Geneva
Memory Centre (Geneva University Hospitals, Geneva, Switzerland) and
the Alzheimer’s disease Neuroimaging Initiative (ADNI). The Geneva
cohort, from a clinical setting, offers insights into real-world AD pre-
sentation, although its characterization may be shaped by the healthcare
management of this particular centre. The multicentric ADNI cohort,
commonly used for validation, provides diverse geographic representation,
enhancing the generalizability and reproducibility of the results. The
demographic consistency (cf. ‘Statistics and reproducibility’ section, inclu-
sion criteria and clinical assessment in ‘Clinical assessment’ section) across
both cohorts contribute to a more robust extrapolation of findings to the
wider AD population.

Inclusion criteria were availability of (i) fMRI and T1-weighted scans,
(ii) 18F-Florbetapir or 18F-Florbetaben amyloid-PET to derive amyloid β-
status (iii) clinical and cognitive assessments anddemographic data, and (iv)
identical fMRI acquisition parameters (cf. ‘Image acquisition parameters’
sections). The exclusion criterion was the presence of any significant neu-
rologic disease other than AD (cf. ‘Clinical assessment’ section). Subjects
ranged from healthy ageing and CUAβ−, to MCI Aβ+, and Aβ+ subjects
with dementia, i.e., ADdementia (cf. ‘Clinical assessment’ section for details
about clinical and Aβ-status). Demographics are provided in the ‘Statistics
and Reproducibility’ section.

Clinical assessment
Clinical statuswas establishedby expert neurologists of theGenevaMemory
Centre (cf.77 for full details on the clinical assessment) for theGeneva cohort,
and fromADNIcollaborators for theADNI cohort (cf. https://adni.loni.usc.
edu/wp-content/themes/freshnews-dev-v2/documents/clinical/ADNI3_
Protocol.pdf for full details on the clinical assessment). In brief, CU were
individuals with or without subjective cognitive complaints and an absence
of significant impairment in cognitive functions or activities of daily living
(Geneva cohort: MMSE ≥ 27, non-depressed; ADNI: MMSE ≥ 27 and
clinical dementia rating (CDR) = 0, non-depressed, cf. Supplementary
Table 2). MCI were subjects with objective evidence of cognitive impair-
ment, cognitive concern reported by the patient and/or informant (family or
close friend), and little or no functional impairment in daily living activities
(Geneva: MMSE ≥ 19) (ADNI: MMSE ≥ 19, CDR = 0.5). Individuals living
with dementia were defined based on the same above criteria for MCI, but
with impairment in the activities of daily living and fit the NINCDS/
ADRDA criteria for probable AD (GENEVA: MMSE = 12-20) (ADNI:
MMSE = 17–26, CDR ≥ 0.5).

For both datasets, the exclusion criterionwas the presence of any other
significant neurologic disease. These included: Parkinson’s disease, multi-
infarct dementia, Huntington’s disease, normal pressure hydrocephalus,
brain tumour, progressive supranuclear palsy, seizure disorder, subdural
haematoma, multiple sclerosis, or history of significant head trauma fol-
lowed by persistent neurologic deficits or known structural brain
abnormalities (cf. https://adni.loni.usc.edu/wp-content/themes/freshnews-
dev-v2/documents/clinical/ADNI3_Protocol.pdf).

Amyloid-β status
In the Geneva cohort, amyloid-β deposition was measured using
18F-florbetapir or 18F-flutemetamol PET, using standard imaging protocol,
reconstructions and pre-processing pipelines, previously described in
detail78. Given the use of two different amyloid-PET tracers, the standar-
dized uptake value ratio (SUVr) was converted to a common scale, the
Centiloid (CL) scale, a standardisation method proposed to harmonise the
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results obtained across tracers79. Aβ-status was determined in two ways:
using the previously established cut-point (CL > 1280) and visually deter-
mined by an expert nuclear medicine physician (VG, >15 years of experi-
ence in thefield) using visual assessment and standard operatingprocedures
approved by the European Medicines Agency81,82. In two discordant cases,
where the CLwas borderline, the visual assessment (positive) was preferred.

InADNI, Aβ-statuswas determinedusing global amyloid-PETSUVR,
derived after whole cerebellum normalisation of 18F-florbetapir or
18F-florbetaben PET, following pre-established reconstruction and pre-
processing protocols (cf. https://adni.loni.usc.edu/methods/pet-analysis-
method/pet-analysis/) and cut-points (global AV45 SUVR > 1.11; global
FBB SUVR > 1.08)83. As in the Geneva cohort, to allow aggregation of data
from the two tracers, the global amyloid-PET SUVR values were converted
to the Centiloid scale79 and reported in Supplementary Table 2.

Image acquisition parameters
Geneva. Structural and functional data were acquired using a 3 T Sie-
mens Magnetom Skyra scanner (Siemens Healthineers, Erlangen, Ger-
many) using a 64-channel phased-array head coil. Scans were performed
within the radiology and neuroradiology division, at Geneva University
Hospitals, Geneva, Switzerland. An EPI-BOLD sequence was used to
collect functional data from 35 interleaved slices (slice thickness = 3 mm;
multi-slice mode = interleaved; FoV = 192 × 192 × 105mm; voxel size =
3 mm isotropic; TR = 2000ms, TE = 30ms; flip-angle = 90°; GRAPPA
acceleration factor = 2, time points = 200, approximate acquisition
time = 7min). Whole-brain T1-weighted anatomical images were
acquired using a 3D MPRAGE sequence (slice thickness = 0.9 mm;
FoV =2 63 × 350 × 350mm; voxel size = 1 mm isotropic; TR = 1930 ms;
TE = 2.36 ms, flip-angle = 8°; GRAPPA acceleration factor = 3).

ADNI. For ADNI, data was obtained using 3 T MRI scanners with a
standardised protocol across imaging sites (full details in https://adni.
loni.usc.edu/wp-content/uploads/2017/07/ADNI3-MRI-protocols.pdf).
An EPI-BOLD sequence was used to acquire functional data (slice
thickness = 3.4 mm, FoV=220 × 220 × 163 mm, voxel size = 3.4 iso-
tropic; TR = 3000 ms; TE = 30ms; flip angle = 90°; GRAPPA acceleration
factor = 2; time points = 197, approximate acquisition time = 10 min).
Whole-brain T1-weighted anatomical images were acquired with a 3D
MPRAGE sequence (slice thickness = 1 mm, FoV = 208 × 240 × 256mm;
voxel size = 1 × 1 × 1mm; TR = 2300 ms, TE = 3ms, flip angle = 9°,
GRAPPA acceleration factor = 3).

Image processing
Image processing pipelines for the two cohorts included substantially
similar steps, yet with some small differences (details below). Results are
therefore not only replicated across different cohorts, but also irrespective of
minor differences in preprocessing choices.

Geneva. fMRI data were preprocessed using in-house MATLAB code
based on state-of-the-art fMRI processing guidelines52,75,84. Below follows
a brief description of these steps. Structural images were first denoised to
improve the signal-to-noise ratio85, bias-field corrected, and then seg-
mented (FSL FAST) to extract whitematter (WM), greymatter (GM) and
cerebrospinal fluid (CSF) tissuemasks. Thesemasks were warped in each
individual subject’s functional space by means of subsequent linear and
non-linear registrations (FSL flirt 6 dof, FSL flirt 12 dof and FSL fnirt).
The following steps were then applied on the fMRI data: BOLD volume
unwarping with applytopup, slice timing correction (slicetimer), rea-
lignment (mcflirt), normalisation to mode 1000, demeaning and linear
detrending (MATLAB detrend), regression (MATLAB regress) of
18 signals: 3 translations, 3 rotations and 3 tissue-based regressors (mean
signal of whole-brain, WM and CSF, as well as nine corresponding
derivatives (backwards difference; MATLAB). We tagged high head-
motion volumes on the basis of threemetrics: frame displacement (FD, in
mm), standardised DVARS86 (D referring to temporal derivative of

BOLD time courses, VARS referring to root mean square variance over
voxels) as proposed in ref. 52, and SD (standard deviation of the BOLD
signal within brain voxels at every time-point). The FD, DVARS were
obtained with fsl_motion_outliers and SD vectors with MATLAB.
Volumes were motion-tagged when FD > 0.3 mm and standardised
DVARS > 1.7 and SD > 75th percentile+1.5 of the interquartile range, as
per FSL recommendation87. Subjects (N = 4) with more than 30%
motion-tagged volumes were excluded from the analyses. For the
remaining subjects, the tagged volumes were not removed. There was no
significant difference across groups in the percentage of tagged volumes
[p = 0.638] and FD [p = 0.920]. There was no difference across test and
retest in the percentage of tagged volumes [p = 0.565] nor in the average
FD [p = 0.693]. Note that motion was accounted for in our statistical
analyses (see section “Functional connectivity and whole-brain within-
session brain-fingerprint”).

A bandpass first-order Butterworth filter [0.01 Hz and 0.15Hz] was
applied to all BOLD time-series at the voxel level (MATLAB butter and
filtfilt). The choice of the bandpass filter was aligned with previous works76

where the choice of thefilteringproved tobemeaningful to capture the effect
of brain fingerprints in the temporal domain, and in the analogy between
MEG and fMRI fingerprints15, and with respect to the relationship between
brain fingerprints and structure-function coupling88.

The first three principal components of the BOLD signal in theWMand
CSF tissue were regressed out of the GM signal (MATLAB, pca and regress) at
the voxel level. Awhole-brain data-driven functional parcellation based on 248
regions including cortical and subcortical areas as obtained by ref. 89, was
projected intoeach subject’sT1 space (FSLflirt 6 dof, FSLflirt 12 dof andfinally
FSL fnirt) and then into the native EPI space of each subject. We also applied
FSL boundary-based-registration90 to improve the registration of the structural
masks and the parcellation to the functional volumes.

In some rare cases, BOLD signal from some ROIs was missing. When
signal from an ROI was not available in more than 10% of subjects it was
excluded from the analyses for all; this concerned a total of eight ROIs,
corresponding to seven subcortical and one cortical ROIs. In the remaining
few cases with no signal, metrics were computed with available data only.

ADNI. Anatomical and functional images were preprocessed with a stan-
dardised in-house-developed preprocessing pipeline86 implemented in
MATLAB (MATLAB 2021a version 9.10; MathWorks Inc., Natick, MA,
USA) and including functions from SPM8 and SPM12 (http://www.fil.io-n.
ucl.ac.uk/spm/). Individual structural T1 images were registered to each
individual’s functional space (SPM coreg) while keeping the high T1 reso-
lution, and segmented into GM, WM and cerebrospinal fluid (SPM new
segment). Functional scans were realigned (SPM realign) and spatially
smoothed (SPM smooth) with a Gaussian filter with FWHM=5mm. Nui-
sance signals were regressed out by means of a GLM, specifically linear and
quadratic trends, 6 motion parameters and average signals in the WM and
cerebrospinal fluid. The same whole-brain data-driven functional
parcellation89 used for theGenevadatasetwas adoptedhere toextract regional
timecourses. The parcellation inMNI coordinates was first normalised to the
individuals’previously registeredT1 images (functional space, structural high
resolution), and then resampled to the lower functional BOLD resolution.
Regional time series were then extracted by averaging the voxelwise pre-
processed BOLD signals within each of the 248 regions of the parcellation.
Finally, regional timecourses were band-pass filtered with cut-offs of
0.01–0.15Hz to isolate typical resting-state fluctuations. Refer above for
discussion about the choice of the bandpass filter.

The FD vectors (obtained from SPM head motion parameters using
the procedure described in ref. 75) were used to tag outlier BOLD volumes
with FD > 0.5mm as per recommendation in ref. 76. Subjects (N = 7) with
more than 30% motion-tagged volumes were excluded from the analyses.
For the remaining subjects, the tagged volumes were not removed. There
was no significant difference across groups in the average FD [p = 0.061] but
there was a significant difference for tagged volumes [p = 0.048], revealing
that the number of tagged volumes, but not FD, was higher inADdementia
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and MCI Aβ+. There was no difference across test and retest in the per-
centage of tagged volumes [p = 0.065], but there was a significant difference
in the average FD [p < 0.001], revealing that FD was higher in the second
part of the acquisition. To factor out the effect of motion in the brain
fingerprint, motion was added as a nuisance variable in the whole
brainfingerprintinganalyses (cf. section ‘Whole-brainwithin-sessionsbrain
fingerprint during AD‘).

In some rare cases, the BOLD signal from some ROIs was missing.
When the signal fromanROIwasnot available inmore than10%of subjects
it was excluded from the analyses for all; this concerned a total of two ROIs
in subcortical regions. In the remaining few cases with no signal, metrics
were computed with available data only.

Functional connectivity and whole-brain within-session brain-
fingerprint
Weestimated individual FCmatrices using Pearson’s correlation coefficient
between the averaged signals of all region pairs. The resulting individual FC
matrices were composed of 248 nodes, as obtained by ref. 89. Finally, the
resultingFCswere ordered according to seven cortical resting state networks
(RSNs) as proposed by ref. 91, plus one additional network including sub-
cortical regions (similarly to ref. 92, see also Fig. 1A).

We estimatedwithin-session identifiability orfingerprinting, following
the approach proposed in ref. 22. This method involves splitting the fMRI
times series in halves and enables quantification of within-session con-
nectome fingerprints. Previous work has demonstrated that this method
produces very similar results to those obtained from data acquired across
separate sessions (i.e. between-sessions fingerprint) in healthy subjects from
the Human Connectome Project (HPC) (see Supplementary Fig. 3 in
ref. 22). Although within and between-sessions fingerprinting held similar
results, they are different approaches to quantifying the brain-fingerprint,
and this should be compared in future studies. However, we note that there
are currently no clinical datasets available that include two fMRI sessions
acquired within a short-time gap (i.e. within around one or two weeks).
Therefore, within-session fingerprint is currently the only method available
for estimating brain-fingerprint during AD. In this current study, we esti-
mated identifiability across the first half (test) and second half volumes
(retest) within the same scan. Recent work has shown that a good level of
identifiability across the different RSNs can be reached from around 200 s
(see Fig. 4B, in ref. 76). In this work, each test and retest session had 100
volumes (Geneva) or 90 volumes (ADNI) with a TR of 2 s and 3 s,
respectively, therefore providing sufficient data for achieving a good success
rate and identifiability across the entire brain.

At thewhole-brain level, the fingerprint was calculated for each subject
s as test–retest similarity betweenFCs (cf. Fig. 1B;we called thismetric ISelf).

ISelf sð Þ ¼ corr FCtest sð Þ; FCretest sð Þ
� �

Then, for each subject s we computed an index of the FCs similarity
with the other subjects i in their group (IOthers), where N is the total
number of subjects in each group:

IOther sð Þ ¼
P

i≠s corr FCtest sð Þ; FCretest ið Þ
� �þ corr FCretest sð Þ; FCtest ið Þ

� �� �

2N � 2

A secondmetric, IDiff (Fig. 1B), provides a group-level estimate of the
within- (ISelf) and between-subjects (IOthers) test–retest reliability distance,
where Subj is the set of subjects:

IDiff ¼ mean ISelf sð Þ �
s 2 Subj

mean IOthers sð Þ
s 2 Subj

Finally,wemeasured the success rate9 of the identificationprocedure as
the percentage of cases with higher within- (ISelf) vs between-subjects
(IOthers) test–retest reliability. These metrics have been introduced and
estimated in healthy populations in previous work22.

Spatial specificity of brain fingerprint: edge-wise intra-class corre-
lation. Spatial specificity of FC fingerprints was derived using edgewise
intra-class correlation (ICC) with a one-way random effect model
according to93 (cf. Fig. 1C):

ICC ¼ MSR �MSW
MSR þ k� 1ð ÞMSW

where MSR= mean square for rows (between the subjects); MSW = mean
square for residual sources of variance; k = sessions. ICC coefficients quantify
the degree of similarity between observations/measures and find high
applicability in reliability studies94. Thehigher the ICCcoefficient, the stronger
the agreement between the two observations. Here we used this metric, as in
previous work22,76, to quantify the similarity between test and retest for each
edge (FC between two regions). A high ICC indicates that a larger proportion
of the variance across test and retest is due to differences between the subjects,
rather thandifferences between test and retest or randomerror.A low ICC, on
the other hand, indicates that there is more variability due to differences
between test and retest or random error, than due to differences between
subjects. In other words, the higher the ICC of an edge, the more that edge
connectivity is similar for each subject across test and retest, as well as the
variability across subjects, i.e. the higher the ‘fingerprint’ of that edge.

The ICChasbeencommonlyused in the functional connectivity literature
to assess reliability (22,74,95–97). A few strengths of the ICC include: (1) the ability
to assess absolute agreement in repeatedmeasurements of anobject (unlike, for
example, Pearson’s correlation, wherein variables are scaled and cantered
separately), (2) the ability to explicitly model multiple known sources of
variability (e.g. scanner, brain response, head motion) and (3) comparing
within and between variability across the objects of measurement. Depending
onwhetherandhowsourcesof error (or “facets”; e.g. scanner)maybespecified,
one of three ICC formsmay be used98. In brief, usage is as follows: ICC (1,1) is
used to estimate agreement in exact values when sources of error are unspe-
cified; ICC (2,1) is often referred to as “absolute agreement” and is used to
estimate agreement in exact values when sources of error are known (e.g.
repeated runs) andmodelled as random; and ICC(3,1) is often referred to as or
“consistent agreement” and is used to estimate agreement in rankings when
sources of error are known andmodelled as fixed (resulting in a mixed effects
ANOVA). In this paperweused ICC (1,1), followingpreviousworks22, because
variability in fMRI data can come from different known (e.g. scanner, head
motion) and unknown sources. In the statistics literature the ICC is akin to a
measureofdiscriminability and iscommonlycategorizedas follows:poor < 0.4,
fair 0.4–0.59, good 0.6–0.74 and excellent≥ 0.7599. In this paper, this categor-
izationwas takenasreference for the thresholdsontheICCmatrices,whichwas
set at 0.6 (good99).

Edge-wise ICCwas computed for all possible edges and for each group
separately, with the aim to quantify the edges-wise functional connectivity
fingerprint, distinctive of each clinical group. In order to control for sample
sizedifferences across groups, bootstrappingwasused to accurately estimate
edgewise fingerprints: for each group, ICC was calculated across test and
retest for subsets of randomly chosen N = 10 (ADNI) or N = 5 (Geneva)
subjects, across 1000 bootstrap runs, and then averaged within each group
(Fig. 3A, B). Bootstrapping was performed in MATLAB using an in-house
function. Matrices in Fig. 3A, B were binarized for ICC > 0.6 which is
considered the lower threshold for a ‘good’ ICC score55, and overlapping
edges across the two cohorts were displayed in the binary ICCmatrices (cf.
overlap ICC matrix in Fig. 3C).

Brain fingerprint in resting-state functional networks during AD
Next, we aimed to identify the commonalities in the distribution of edges
with the highest ICC across different cohorts, both within and between
resting-state networks. To achieve this, we analysed the overlap ICC binary
matrix (Fig. 3C) and computed the followingmetrics. For each of one seven
RSN, bothwithin and between-networks netð Þ, we quantified the number of
overlapping ICC edges ICCo

� �
. Next, we computed a proportion of the

ICCo edges relative to the total number of edges in eachnetwork anddefined
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it as PICCo
. Finally, and in order to determine the distance from the healthy

reference (i.e. CU Aβ-), we computed the ratio over healthy individuals
(Fig. 4A). The ratio (R) was calculated as follow, whereD =disease (i.e.MCI
Aβ+ and AD dementia) and H= healthy (i.e. CU).

R netð Þ ¼ PICCo
D

PICCo
H

� 1

Between-groups significance of nodal brain fingerprint
In these analyses, we aimed to identify regions (or nodes) whose functional
connectivity with the rest of the brain could account for significant differ-
ences in subject variability across the three groups. First, to isolate edges that
were significantly different across groups, we compared real ICC matrices
with a surrogate one. The surrogate ICC matrix was obtained from FCs of
five randomly selected subjects from each group, the procedure was repe-
ated for 1000 permutation runs and then averaged across runs to generate a
surrogate group-unspecific ICC matrix for each cohort (Supplementary
Fig. 3A). This permutation was implemented in Matlab R2022a using in-
house code. Next, a p-value was computed for each edge as a proportion of
times across permutation runs where surrogate values were bigger than the
real value; edges with p < 0.05 were considered significant (see Supple-
mentary Fig. 3B). Only significant edges were selected and a new matrix
including significant edgeswith its real ICCvalue andhaving zeros for all the
non-significant ones was used to compute nodal strength ICC. Nodal
strength was computed as average, including zeros to account for non-
significant edges, and rendered on the cortical surface using BrainNet100 (cf.
Supplementary Fig. 4). Next, to select the group-specific nodes with the
highest ICC values that were common across the two independent cohorts,
binary masks were obtained by selecting the top 25 percentile of ICC nodal
strength and the overlap between the two cohorts was displayed (Fig. 5A).
Each binary mask obtained that way provides a nodal representation of the
brain region “hubs” involved in FC fingerprints in each group specifically.

Brain fingerprint across AD and behaviour
A Neurosynth meta-analysis (https://neurosynth.org/), similar to the one
implemented in previous studies61,62, was conducted to assess cognitive func-
tions associated with brain fingerprints at the different stages of AD. The
procedure outputs, for each combination of brain fingerprint mask and cog-
nitive function binary mask, a nodal z statistic that quantifies the similarity
between the twomaps. For brainfingerprint,we used the binary overlapmasks
inFig. 5A—i.e. those including the ICChubswith thehighestfingerprint across
the two cohorts. For cognition, we used the brain binary maps related to 50
topic terms common in the neuroimaging literature74,101 derived from the
Neurosynthdatabase.Thesefingerprint andcognitionmapswereusedas input
for the meta-analysis to find significant associations between the ICC hubs or
fingerprintmasks and thebrain cognitive functionsNeurosynthmaps. Last,we
ordered the terms from high-order cognitive processing to sensory-motor
processes similar to62 for visualization, considering significant any association
between group fingerprints and cognitive maps above z > 3.161,62 (Fig. 5B).

Statistics and reproducibility
The statistical tests reported in thismanuscript are two-sided andperformed
in RStudio 2022.07.2102 and MATLAB R2022a103. Normality assumptions
were checked prior to the analyses using the Shapiro–Wilk normality test
(shapiro_test R function, rstatix package). When normality was not met, a
non-parametric equivalent was used, as detailed below.

Demographics Geneva. N = 58 subjects from the Geneva Memory
Centre were included. Four subjects were excluded when motion-tagged
volumes (see “Image processing” section) were >30%, leaving a total of
N = 54 remaining subjects for analyses. These included N = 16 CU Aβ−,
N = 32 MCI CU Aβ+ and N = 6 patients with AD dementia (cf. Sup-
plementary Table 2 for all study-relevant covariates). Differences across
groups in age, YoE andMMSE were tested using one-way ANOVA or its

non-parametric equivalent, i.e. the Kruskal–Wallis test; the Chi-square
test was used for sex. Analyses were performed usingRStudio. Therewere
no differences in age [p = 0.274] and sex [p = 0.363] across groups, while
AD dementia and MCI Aβ+ were on average significantly less educated
than healthy individuals [p = 0.004]. As expected, MMSE [p < 0.001] and
Centiloid [p < 0.001] scores varied across groups [p < 0.001], revealing
lower cognition and higher amyloid load in MCI Aβ+ and AD dementia
patients relative to CU Aβ−.

Demographics ADNI. Data were obtained from the 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
primary goal of ADNI has been 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 MCI and early AD. N = 79 subjects
from the ADNI database were included. Seven subjects were excluded
when motion-tagged volumes (see “Image processing” section) were
>30%, leaving a total of N = 72 subjects for analyses.

ThesewereN= 40CUAβ−,N= 21MCIAβ+ andN= 11ADdementia
patients (cf. Supplementary Table 2 for all study-relevant covariates). Differ-
ences across groups in age, YoE and MMSE were tested using one-way
ANOVAor itsnon-parametric equivalent, i.e.Kruskal–Wallis test;Chi-square
test was used for sex. Analyses were performed using RStudio. There were no
differences in age [p= 0.848] and sex [p= 0.654] across groups, while AD
dementia were on average significantly less educated than healthy individuals
[p= 0.045]. As expected, MMSE [p < 0.001] and Centiloid [p < 0.001] scores
variedacross groups [p < 0.001], revealing lower cognitionandhigher amyloid
load in MCI Aβ+ and AD dementia patients relative to CU Aβ−.

Participants’ sexwas assigned at birth andwas not based on self-report.
Sex-based analyses were not conducted due to the insufficient sample size
for meaningful subgroup analysis. There were no significant differences in
the number of females and males within each group, so findings should be
considered applicable to both sexes. While these results suggest general-
izability, further research with a larger sample size would be beneficial to
confirm these findings across both sexes.

ISelf and IOthers. ISelf and IOthers were normally distributed in each
group/cohort, with the exception of ISelf in CUAβ− in theADNI cohort.
Analyses were performed using RStudio. To compare ISelf vs IOthers in
each group/cohort we performed a paired-sample t-test or its non-
parametric equivalent, i.e.Wilcoxon signed-rank test. Then,we used one-
way ANOVAs to test the effect of the group on ISelf and IOthers sepa-
rately after checking for nuisance variables, with 5000 permutations to
control for sample size differences (using aovperm from permuco R-
package) and to account for the normality violation104. For ISelf, the
nuisance variables were age, sex, YoE, and the difference in motion
between the test and retest scans, as the absolute difference between FD
(ISelf ~ Group+Age+ Sex+ YoE+ delta FD). For IOthers, the nui-
sance variables were also age, sex, and YoE, but motion (FD) was con-
sidered across the entire acquisition, as IOthers is a composite measure
across test and retest (IOthers ~Group+Age+ Sex+ YoE+ FD).
Additionally, when the scanner type varied across subjects (i.e. in ADNI),
scanner type was also included as a nuisance variable for IOther. Finally,
we did a permutation testing analysis to compare the Success-rate and
IDiff from 1000 surrogate datasets of random IDmatrices against the real
value15. Permutation analyses were implemented in MATLAB using an
in-house functionwhere a permuted version of the IDmatrix was built by
randomly shuffling its elements.

Within- vs between-functional networks edges. We aimed to deter-
mine whether there was a significant difference in the distribution of
overlapping edges in within-networks vs between-networks for each
group. To achieve this, we conducted a Chi-square test for each network
comparing the number of edges in the within- vs the between-functional
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networks. Significance was Bonferroni corrected for multiple compar-
isons: uncorrected p-value was multiplied for the number of compar-
isons, i.e. 8 = 7 RSN+ subcortical regions (Fig. 4B). Analyses were
performed using MATLAB.

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

Inclusion and ethics statement
All subjects gave their informed consent for inclusion before they partici-
pated in the study, in accordance with the guidelines of the Declaration of
Helsinki. All ethical regulations relevant to human research participants
were followed.

The study protocol for the Geneva dataset was approved by Com-
mission Cantonale d’Ethique de la Recherche sur l'être humain of the
Geneva Canton (Switzerland).

ADNI obtained all IRB approvals and met all ethical standards in the
collection of data. The following are the ethics committees and IRB boards
that provided approval. The Ethics Committees/Institutional review boards
that approved the ADNI study are: Albany Medical Center Committee on
Research Involving Human Subjects Institutional Review Board, Boston
University Medical Campus and Boston Medical Center Institutional
Review Board, Butler Hospital Institutional Review Board, Cleveland Clinic
Institutional Review Board, Columbia University Medical Center Institu-
tional Review Board, Duke University Health System Institutional Review
Board, Emory Institutional Review Board, Georgetown University Institu-
tional Review Board, Health Sciences Institutional Review Board, Houston
Methodist Institutional Review Board, Howard University Office of Reg-
ulatory Research Compliance, Icahn School of Medicine at Mount Sinai
Program for the Protection of Human Subjects, Indiana University Insti-
tutional Review Board, Institutional Review Board of Baylor College of
Medicine, Jewish General Hospital Research Ethics Board, Johns Hopkins
Medicine Institutional Review Board, Lifespan—Rhode Island Hospital
Institutional Review Board,Mayo Clinic Institutional Review Board,Mount
Sinai Medical Center Institutional Review Board, Nathan Kline Institute for
Psychiatric Research & Rockland Psychiatric Center Institutional Review
Board, New York University Langone Medical Center School of Medicine
Institutional Review Board, Northwestern University Institutional Review
Board, Oregon Health and Science University Institutional Review Board,
Partners Human Research Committee Research Ethics, Board Sunnybrook
Health Sciences Centre, Roper St. Francis Healthcare Institutional Review
Board, Rush University Medical Center Institutional Review Board, St.
Joseph’s Phoenix Institutional Review Board, Stanford Institutional Review
Board, The Ohio State University Institutional Review Board, University
Hospitals Cleveland Medical Center Institutional Review Board, University
ofAlabamaOfficeof the IRB,UniversityofBritishColumbiaResearchEthics
Board, University of California Davis Institutional Review Board Adminis-
tration, University of California Los Angeles Office of the Human Research
Protection Program, University of California San Diego Human Research
Protections Program, University of California San Francisco Human
Research Protection Program, University of Iowa Institutional Review
Board, University of Kansas Medical Center Human Subjects Committee,
University of Kentucky Medical Institutional Review Board, University of
Michigan Medical School Institutional Review Board, University of Penn-
sylvania Institutional Review Board, University of Pittsburgh Institutional
Review Board, University of Rochester Research Subjects Review Board,
University of South Florida Institutional Review Board, University of
Southern, California Institutional Review Board, UT Southwestern Institu-
tion Review Board, VA Long Beach Healthcare System Institutional Review
Board, Vanderbilt University Medical Center Institutional Review Board,
Wake Forest School of Medicine Institutional Review Board, Washington
University School of Medicine Institutional Review Board, Western Insti-
tutional Review Board,Western University Health Sciences Research Ethics
Board and Yale University Institutional Review Board.

Data availability
The rawdata that support thefindings of this study for theADNIdataset are
available on the Alzheimer’s Disease Neuroimaging Initiative (ADNI)
platform (https://adni.loni.usc.edu/). Raw data generated at the Geneva site
are available from the co-author Prof. Giovanni B. Frisoni, upon request.
The derived FC matrices and behavioural data necessary to reproduce the
main analyses of this study is available in Sara Stampacchia’s GitHub
repository (https://github.com/ss1913/fingerprints_alzheimer).

Code availability
The full code necessary to reproduce themain results and figures is available
in Sara Stampacchia’s GitHub repository (https://github.com/ss1913/
fingerprints_alzheimer).
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