
iological
sychiatry
Archival Report B

P

Four Distinct Subtypes of Alzheimer’s Disease
Based on Resting-State Connectivity Biomarkers

Pindong Chen, Hongxiang Yao, Betty M. Tijms, Pan Wang, Dawei Wang, Chengyuan Song,
Hongwei Yang, Zengqiang Zhang, Kun Zhao, Yida Qu, Xiaopeng Kang, Kai Du, Lingzhong Fan,
Tong Han, Chunshui Yu, Xi Zhang, Tianzi Jiang, Yuying Zhou, Jie Lu, Ying Han, Bing Liu,
Bo Zhou, and Yong Liu, for the Alzheimer’s Disease Neuroimaging Initiative
ISS
ABSTRACT
BACKGROUND: Alzheimer’s disease (AD) is a neurodegenerative disorder with significant heterogeneity. Different AD
phenotypes may be associated with specific brain network changes. Uncovering disease heterogeneity by using
functional networks could provide insights into precise diagnoses.
METHODS: We investigated the subtypes of AD using nonnegative matrix factorization clustering on the previously
identified 216 resting-state functional connectivities that differed between AD and normal control subjects. We
conducted the analysis using a discovery dataset (n = 809) and a validated dataset (n = 291). Next, we grouped
individuals with mild cognitive impairment according to the model obtained in the AD groups. Finally, the clinical
measures and brain structural characteristics were compared among the subtypes to assess their relationship with
differences in the functional network.
RESULTS: Individuals with AD were clustered into 4 subtypes reproducibly, which included those with 1) diffuse and
mild functional connectivity disruption (subtype 1), 2) predominantly decreased connectivity in the default mode
network accompanied by an increase in the prefrontal circuit (subtype 2), 3) predominantly decreased connectivity in
the anterior cingulate cortex accompanied by an increase in prefrontal cortex connectivity (subtype 3), and 4) pre-
dominantly decreased connectivity in the basal ganglia accompanied by an increase in prefrontal cortex connectivity
(subtype 4). In addition to these differences in functional connectivity, differences between the AD subtypes were
found in cognition, structural measures, and cognitive decline patterns.
CONCLUSIONS: These comprehensive results offer new insights that may advance precision medicine for AD and
facilitate strategies for future clinical trials.

https://doi.org/10.1016/j.biopsych.2022.06.019
Alzheimer’s disease (AD) is a neurodegenerative disorder that
shows phenotypic heterogeneity in its clinical profile, imaging
features, pathology, and disease progression (1). Typical clin-
ical representation of AD is an initial amnestic-predominant
impairment with a predominant early distribution of neurofi-
brillary tangle pathology in the medial temporal lobe; atypical
AD subtypes show differences in spatial patterns of tau pa-
thology and cognitive decline profiles (2–4). Atypical pheno-
types might lead to more misdiagnosis and delayed diagnosis
for atypical AD when assessed using the current biomarker-
based diagnostic criteria (3,5,6). Moreover, distinct patholog-
ical patterns may affect treatment responses (7,8), and
different subtypes may have distinct trajectories of cognitive
decline (9,10), potentially affecting clinical trials. For these
reasons, research on the heterogeneity of AD is needed to
reveal ways to control the various phenotypes and further
contribute to personalized medicine (1).

The heterogeneity of AD has been investigated based
on neurobiological characteristics in autopsies and in vivo
SEE COMMENTARY
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(4). Individuals with AD who showed differences in the primary
location of the neurofibrillary tangles were divided into 3
subtypes, i.e., limbic-predominant, hippocampal-sparing, and
typical, in several large-scale postmortem studies (11–13).
Atypical subtypes of AD with different impairment patterns
and cognitive profiles have also been investigated based on
in vivo patterns found through structural magnetic resonance
imaging (MRI) (9,14–21), diffusion tensor imaging (22), and
fluorodeoxyglucose positron emission tomography (FDG-PET)
(23). Atypical spread patterns of neuropathology were also
found by using tau-PET (24–26) and amyloid-PET (27). How-
ever, the heterogeneity of functional networks that is closely
related to cognition has not been well studied (4).

Widespread disruptions in resting-state functional net-
works are observed in AD, suggesting that there is not only
local functional activity damage in the neuron loss area but
also global network impairment (28–33). More importantly,
variability in tau patterns coincides with functional networks,
and the spread of tau and amyloid-b burden is associated
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with the altered functional connectivity (34–37), suggesting
that functional brain networks are involved in the heteroge-
neous neurobiology of AD (38). Different alterations in func-
tional network properties were reported in AD atrophy
subtypes (39), but the results were restricted to the
anatomical subtypes and could not provide a comprehensive
understanding of the heterogeneous functional network in
AD. We previously used a large multicenter dataset to show
216 functional connectivities that differed between patients
with AD and normal control subjects (NCs), and our results
revealed that these connectivities could be used to accu-
rately discriminate patients with AD with high generalizability
(40). These functional signatures also showed a clustered
pattern, inspiring us to continue to investigate whether
different functional subtypes are associated with specific
network patterns in AD.

In this study, we directly investigated the hypothesis that
functional networks are heterogeneously altered in AD and that
this heterogeneity can explain the variations in cognitive im-
pairments and structural alterations. To test these hypotheses,
we applied nonnegative matrix factorization (NMF) clustering
to identify the functional subtypes of AD and mild cognitive
impairment (MCI) using 2 multicentric datasets with large
samples and further investigated the differences in functional
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Figure 1. Schematic of the heterogeneity analysis pipeline. (A) The data used
Brainnetome Atlas and an abnormal functional connectivity index from a previou
matrix factorization was applied to simultaneously identify clusters of features a
column is a functional connectivity cluster. The more saturated the color, the gre
cluster. The functional connectivities within the abnormal functional network were
by representative functional network (RFNs). (Bottom) Each column represents 1
RFNs to the subject’s abnormal functional network. Subjects with AD were clus
(Middle) The individuals with mild cognitive impairment (MCI) were assigned base
an independent dataset to validate the reproducibility of the subtypes, which co
subtypes between the 2 datasets. (D) The network-specific alterations of the sub
normal control subjects. (E) Statistical analyses, including clinical measures co
trajectories, were applied to uncover the characteristics of the subtypes. CL, clu
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connectivity, brain structure, and clinical cognitive ability be-
tween the subtypes (Figure 1).

METHODS AND MATERIALS

Subjects

We first identified subtypes of patients with AD from the Multi-
Center Alzheimer Disease Imaging Consortium (MCADI) data-
set, which served as a discovery dataset (AD: n = 295, MCI: n =
257, NC: n = 257). A total of 291 subjects (AD: n = 82, MCI: n =
93, NC: n = 116) from the Alzheimer’s Disease Neuroimaging
Initiative (ADNI) (http://adni.loni.usc.edu) dataset were included
as an independent validation set. For detailed information, see
Supplemental Method S1.

Definition of Image Acquisition, Preprocessing, and
Clustering Features

In the discovery dataset, individuals were scanned on 1 of 7
different MRI scanners to obtain T1-weighted images and
resting-state functional images (41). In the ADNI dataset,
T1-weighted images and resting-state functional images
were scanned using standardized protocols at each site
(http://adni.loni.usc.edu/methods/mri-tool/mri-acquisition/).
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The corresponding MRI acquisition protocols are described
in Supplemental Method S2 and Table S2, as well as in our
previous studies (40–42).

The structural MRI images were preprocessed using the
standard steps in the CAT12 toolbox (r1450) (http://dbm.neuro.
uni-jena.de/cat/) and the regional gray matter volume and
cortical thickness of each brain region were extracted ac-
cording to the Brainnetome Atlas (43). ComBat harmonization
(https://github.com/rpomponio/neuroHarmonize) was applied
to pool the data from MCADI and ADNI by removing the site
effects (44,45), with age, sex, and clinical diagnosis as
covariates.

Functional MRI (fMRI) scans from the MCADI and ADNI
were preprocessed using the Brainnetome Toolkit (http://brant.
brainnetome.org) (46). After quality control, we derived a
regional fMRI signal for each of the 263 regions by averaging
the fMRI signal across all the voxels included in the region. The
detailed information is described in our previous study (40) and
Supplemental Method S3B.

Functional connectivity for each individual was measured
using Pearson’s correlation coefficients between all pairs of
263 regions. Then, 216 abnormal functional connectivities,
which were derived from a meta-analysis of the first 6 data
sites in the MCADI that was performed in our previous study,
were used directly as clustering features and were designated
the abnormal functional network (AFN) (40) (Supplemental
Method S4 and Table S3). Next, ComBat harmonization was
applied to the clustering features to reduce site effects, with
age, sex, and clinical diagnosis as covariates in the MCADI and
ADNI (44,45,47).
Cluster Analysis Using NMF

To investigate AD subtypes, we used NMF to perform a
cluster analysis based on the functional connectivities that
are in the AFN in the patient group (Figure 1B) (48). As a
data-driven dual-clustering approach, NMF allows the
simultaneous identification of clusters of features (e.g.,
functional connectivity) and clusters of individuals according
to the weights of feature clusters in the database, which
means we can obtain the functional connectivity clusters and
the weight of each functional connectivity cluster for each
individual. We characterized each feature cluster based on
the top 20% weighted functional connectivities of each
cluster, which were designated the representative functional
network (RFN) to represent the functional connectivity
cluster. Because AD is associated with functional dysfunc-
tion and disconnection mechanisms (28), subjects were
grouped into subtypes based on the minimum weight
(highest disconnection) of RFNs to the subjects’ functional
connectivity within the AFN. To obtain the corresponding
subtypes in MCI, we used the fitted NMF model for AD to
factorize the functional connectivity data of MCI (Supplemental
Method S5A).

We determined the optimal number of clusters by assessing
the cophenetic correlation coefficient, the silhouette coeffi-
cient, and the changes in the residual sum of squares
(Supplemental Method S5B) (20,49). We implemented the NMF
algorithm based on the NMF package (http://renozao.github.
io/NMF) (50) in R (version 3.6.3).
Biologica
Statistical Analysis

Appropriate analysis of variance and/or a two-sample t test
were applied to identify the difference in the functional con-
nections (after Fisher’s z transformation), cognition, and
structural features between each AD subtype and NCs (p ,

.05). We compared functional connections between subtypes
for each dataset separately, and other clinical features were z-
transformed and pooled across datasets. Next, we analyzed
the longitudinal changes in the cognitive measures between
the AD subtypes using the 3-year follow-up data in the ADNI
dataset (Table S4). A linear regression model was used to
assess the differences in the longitudinal changes between
subtypes. The number of months of follow-up from baseline,
subtype, age, sex, and the interaction term for the months and
subtypes were included in the model (p , .05). Finally, the gray
matter volumes and cortical thickness of the regions in
Brainnetome Atlas were compared between the subtypes to
elucidate the relationship between functional subtypes and
structural subtypes (4,51,52). The above comparisons were
performed after controlling for sex, age, site, and total intra-
cranial volume (only in structural features) (53). Detailed infor-
mation can be found in Supplemental Method S7.

Data Availability

The data that support the findings of this study are available
from the corresponding author upon reasonable request. All
ADNI data are deposited in a publicly accessible repository
and can be accessed at the ADNI website (http://adni.loni.usc.
edu/). The code that was used can be obtained at GitHub
(https://github.com/YongLiuLab).

RESULTS

Four Subtypes Identified in AD

In total, 4 clusters showed an optimal fit according to the
cophenetic coefficient, silhouette coefficient, and the residual
sum of squares changes in the MCADI and ADNI
(Supplemental Results S1 and Figure S2).

Figure 2A shows the RFN (i.e., the functional connectivity
that contributed to the top 20% of the functional connectivity
cluster) of each subtype representing each subtype’s specific
network in the 2 datasets (also see Figure S3). It is worth noting
that the 2 results showed similar patterns and that the Dice
coefficients between the 4 RFNs of the MCADI and those of
the ADNI were 0.72, 0.76, 0.72, and 0.88, respectively
(Figure 2B). To precisely describe the specific network, the
composite RFN of each subtype was obtained by extracting
the intersections of the 2 results (Figure 2C). Subtype 1 was
specifically associated with the prefrontal lobe and a wide-
spread frontal-parietal-occipital network. Subtype 2 was
associated explicitly with functional connections in the medial
prefrontal lobe, medial temporal lobe, hippocampus, and pa-
rietal lobe; these areas are similar to the areas of the default
mode network (DMN). Subtype 3 was characterized by func-
tional connections that connected the anterior cingulate cortex
to other regions, especially the parietal lobe, basal ganglia, and
occipital lobe. The top functional connections of the RFN of
subtype 4 connected the basal ganglia (mainly in the bilateral
dorsal caudate) with the cerebellum, occipital lobe, temporal
l Psychiatry May 1, 2023; 93:759–769 www.sobp.org/journal 761
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Figure 2. Functional subtyping results for Alzheimer’s disease (AD). (A) Illustration of the representative functional networks (RFNs) of 4 subtypes. The larger
brain represents the results from the Multi-Center Alzheimer Disease Imaging Consortium (MCADI) dataset, while the smaller brain to the right represents the
results from the Alzheimer’s Disease Neuroimaging Initiative (ADNI). The size of the node in the brain represents the relative number of abnormal connections
linked to the node. (B) Reproducibility between the 2 datasets. The heatmap shows the Dice coefficients for the spatial similarity between the 4 RFNs in the 2
datasets. (C) Illustration of the composite RFNs. Composite RFNs were derived from the intersection of the results from the 2 datasets. (D) Alterations within
the abnormal functional network (AFN) for the 4 subtypes compared with the normal control subjects (NCs), in which the larger circle represents the results
from the MCADI while the smaller brain to the right represents the results from the ADNI. The band color in the circular figure corresponds to the color of the
brain node, and the connection color represents the t value derived from a t test between the patients with AD and the NCs. (E) Scatter plot showing the
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lobe, and thalamus. Subtypes were reproducible among the
different brain atlases and control of head motion, with and
without ComBat (Figures S4–S6 and Supplemental Results
S2–S4) (54).

Functional Characterization of Subtypes in AD

In comparison with NCs, individual clustering results showed
that patients with different subtypes had complex impairments
in functional connectivity, which were associated with multiple
RFNs. Subtype 1 showed mild and diffuse reduced alterations
in the AFN compared with the NCs, while the other subtypes
showed increased alterations in the prefrontal lobe (mainly in
the RFN of subtype 1) and different, predominantly reduced
connections that were specific to the various corresponding
RFNs (Figure 2D). Similar altered functional connectivity pat-
terns were found in the ADNI data. The alterations of whole-
brain functional connectivity are shown in Figure S8. In addi-
tion, the altered strength (t value) of the connectivity in patients
with AD in comparison with that of the NCs showed significant
correlations between the MCADI and ADNI datasets (Pear-
son’s correlation coefficients r = 0.71, 0.67, and 0.84,
respectively) for subtypes 2, 3, and 4 (Figure 2E), a finding that
indicated that the results are reproducible. Because the clus-
ters showed similar features across the 2 datasets, we pooled
the participants of each subtype across the datasets for further
analysis.

Figure 2F shows the specific alterations in the average
functional connectivity of RFNs in the subtypes. The results
showed that network-specific alterations could be identified in
the subtypes, as mentioned previously (Figure 2D), and that
subtype-specific alterations are present in the RFNs. In brief,
the average functional connectivity of the RFN associated with
each corresponding subtype was significantly weaker than that
associated with the other subtypes (Table S5).

Demographic and Cognitive Characterization of
Subtypes

Figure 3A shows the ratio of subtypes for each data site; each
site included the 4 subtypes, and each subtype included both
male and female patients with AD. The distribution of the
subtypes among the 7 sites in the MCADI showed that 90
patients were grouped into subtype 1, 94 patients were
grouped into subtype 2, 70 patients were grouped into subtype
3, and 41 patients were grouped into subtype 4. The numbers
of samples allocated to the 4 clusters were 27, 26, 14, and 15,
respectively, in the ADNI.

Figure 3B shows functionally defined subtypes of AD
showing demographic and cognitive differences. Age differed
between subtypes (F294 = 4.45, p = .004), with the participants
with subtype 3 being older than those of subtype 1 (p , .001),
subtype 2 (p = .007), or subtype 4 (p = .25). All subtypes
showed similar proportions of females (p = .24). Patients with
subtype 1 had higher Mini-Mental State Examination (MMSE)
scores (F294 = 4.71, p = .003) than those in subtype 2 (p = .001),
=

relationship between the unthresholded t values derived from comparisons betw
2 datasets separately, and a higher correlation indicates more similar alteration p
4 composite RFNs of the 4 AD subtypes with that of the NCs as a reference (th

Biologica
subtype 3 (p , .001), or subtype 4 (p = .026). Moreover, the
MMSE and the average functional connectivity of RFNs of
subtypes had a significant Pearson correlation (r = 20.16, p =
.006) in RFN1 after controlling for age, sex, and site (Figure S9).
Subtype 2 and subtype 4 showed worse performance on word
learning ability in the Auditory Verbal Learning Test (F179 =
5.55, p = .002) than subtype 1 (p , .001 and p = .007,
respectively) and subtype 3 (p = .011 and p = .055, respec-
tively) (Table S6). Apart from overall cognitive ability, there was
no significant finding from the analysis of variance models of
the composite cognitive scores in the ADNI dataset. Subtype 1
showed the best executive, memory, and visuospatial (ADNI-
composite measures for visuospatial functioning [ADNI-VS])
function numerically, whereas subtype 4 showed the worst
ADNI-VS function numerically (Figure 3C). The 4 AD subtypes
showed differences in the cognitive decline progression.
Although subtype 1 had the better cognitive ability at baseline,
there was only a slow ADNI-VS decline and the other cognitive
decline trajectories were similar to those of subtype 4. Subtype
2 showed the fastest decline in the MMSE and ADNI-VS, and
subtype 3 had the slowest decline in the MMSE (Figure 3D;
Tables S7–S10).

Moreover, MCI was clustered based on the AD subtype
patterns (Figure 3A). MCI subtypes showed similar character-
istics to those found for AD, and the corresponding information
can be found in Supplemental Results S5 and Figure S10.
Structural Characterization of Subtypes of AD

The gray matter volumes of the frontal lobe, temporal lobe,
parietal lobe, occipital lobe, and cingulate cortex differed be-
tween the subtypes (all ps ,.05, Bonferroni corrected), but the
volumes of the occipital lobe, hippocampus, and basal ganglia
showed no significant difference after Bonferroni correction.
Figure 4A shows the mean gray volume, indicating that sub-
type 1 had the highest volume of the 4 subtypes, but the other
3 subtypes showed only small differences (Table S11 for de-
tails about all the above results).

Figure 4B shows the one-to-other cortical thickness com-
parisons, and Figure 4C shows the uncorrected paired com-
parisons to demonstrate the small differences between
subtypes. Compared with other subtypes, subtype 1 had the
greatest cortical thickness in most of the areas, including in the
frontal lobe, temporal lobe, and cingulate gyrus, as well as had
more gray matter volume in subcortical areas, including the
thalamus, hippocampus, and basal ganglia (p , .05, false
discovery rate [FDR] corrected) (Figure S13). Subtype 2 had the
smallest cortical thickness mainly in the precuneus, fusiform
gyrus, orbital gyrus, and left middle temporal gyrus (p , .05,
FDR corrected). Subtype 3 had large cortical thickness in the
paracentral lobule and precuneus and a smaller volume in the
anterior and ventral cingulate cortex (p , .05, FDR corrected).
Subtype 4 had relatively lower cortical thickness mainly in the
right cingulate cortex, right middle temporal gyrus, right orbital
gyrus, and right occipital cortex (p , .05, FDR corrected).
een the patients with AD and the NCs within the abnormal network in the
atterns in AD between the 2 datasets. (F) Average functional connectivity of
e error bar represents the standard errors). ST, subtype.
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DISCUSSION

To our knowledge, this is the first effort to identify precise
functional network–specific subtypes using large resting-state
fMRI biobanks of patients with AD. Our results provided
consistent evidence in that the 4 AD subtypes were derived
from abnormal functional connectivity data from 2 independent
datasets. More importantly, these 4 subtypes had differences
not only in functional phenotypes but also in cognitive ability
and spatial atrophy patterns. These findings provide support-
ive evidence for the heterogeneity of functional connectivity in
AD.

There is a consensus that the neurobiology of AD is het-
erogeneous (52,55,56), and convergent evidence based on the
availability of large-scale brain structure, pathophysiological,
neuropathological, cognitive, or biological datasets have sup-
ported disease heterogeneity (4,52,55,57,58). Owing to the
absence of extensive multicentric studies, derived functional
network alteration was still not well investigated until a previ-
ous multicenter reproducibility study was conducted (40).
Based on a mega-analysis, Jin et al. (40) provided a compre-
hensive picture of widespread dysconnectivity in AD by clus-
tering the altered functional connectivities in the AFN. Here, we
764 Biological Psychiatry May 1, 2023; 93:759–769 www.sobp.org/jou
further extended that work by studying disease heterogeneity
within AD. Our findings revealed at least 4 distinct, reproduc-
ibly altered patterns in functional connectivity in AD, including
one with diffuse and mild functional connectivity disruption
(subtype 1), one in which decreased functional connectivity of
the DMN predominated with an increase in prefrontal con-
nectivity (subtype 2), one in which a decreased functional
connectivity of the ACC predominated with an increase in
prefrontal connectivity (subtype 3), and one in which a
decreased functional connectivity of the basal ganglia pre-
dominated with an increase in prefrontal connectivity (subtype
4). Because the mean strength of the RFN, the brain atrophy
patterns, and the trend of the longitudinal cognition changes
are particularly subtype specific, our findings indicate that the
different functional subtypes might be associated with different
therapeutic monitoring frameworks.

The science of brain networks provides novel insights into
how the brain works and becomes dysfunctional in AD (59,60).
The DMN, which is preferentially disrupted in AD, is associated
not only with various cognitive functions and episodic memory
but also with amyloid deposits (29,30). Our study shows that
these predominantly DMN-related alterations seem to reflect a
subgroup of AD individuals (around 31%) while the other
rnal
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NCs (p , .001); *represents the p values of analysis of variance between subtypes. (B) One-to-others cortical thickness comparisons. The difference in the
cortical thickness was obtained by comparing one subtype to the other subtypes (“Others” in the Figure) to show the subtype-specific anatomical charac-
teristics. (C) The two-paired comparisons in GMV are shown in the left lower area, and the cortical thickness results are shown in the right upper area. *p, .05,
***p , .001. ST, subtype.
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subgroups show different types of alterations. The ACC, which
showed degeneration in the early stages of AD (61,62), ac-
counts for the decline in diverse functional alterations from
emotional processing and cognitive control regulation (subtype
3). Subtype 4 showed specific alterations associated with the
basal ganglia (63), which are vitally important in normal brain
Biologica
functioning, including motor, cognition, and emotional pro-
cessing (64). More importantly, several studies consistently
found that functional connectivity within the frontal lobe is
increasingly altered with the advancement of AD and aging
(32,65–69). Although this increased alteration was hypothe-
sized to be a complementary mechanism (70–72), the
l Psychiatry May 1, 2023; 93:759–769 www.sobp.org/journal 765
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underlying mechanism of this phenomenon is unclear. Our
results showed a negative correlation between prefrontal
connectivity and cognition, indicating that elevated prefrontal
activity may accompany severe functional disruption.

The subtypes identified by functional connectivity also re-
flected considerable neurobiological and clinical heterogene-
ity. Individuals with subtype 1 had diffuse and mild functional
connectivity disruption, structural atrophy, and overall cogni-
tive decline, indicating that this subtype had the mildest
pathological changes and was similar to what has previously
been termed the mild atrophic subtype (18–20). Subtype 2 had
the most widespread structural thinning and the worst cogni-
tive ability, and therefore it is similar to the typical subtype of
AD, which is based on neurofibrillary tangles and structural
subtypes (13,18–20). Subtype 3 had more severe atrophy in
the ACC and ventral cingulate cortex but had higher para-
central lobule and precuneus volumes, higher word learning
ability (Auditory Verbal Learning Test), the slowest decrease in
MMSE scores, and a relatively high volume in the hippocam-
pus. Subtype 3 had some features of the posterior subtype
(subtype 3) in the tau-PET study (26), which was accounted for
as the posterior cortical atrophy (73). This atypical functional
impairment partially explained the damage to the cognitive
profiles in posterior cortical atrophy, e.g., low visuospatial
ability and high word learning ability (74–76). Subtype 4 had
serious dysfunction in the connections between the bilateral
caudate and the occipital and parietal lobes and the cere-
bellum, right-lateralized visual cortex volume loss, lower word
learning ability (Auditory Verbal Learning Test), and lower
ADNI-VS levels, corresponding to some features of the corti-
cobasal syndrome (77,78). Our results showed that heteroge-
neity in brain networks manifests along a continuum in AD, and
atypical clinical variants may represent the extremes in the AD
continuum (21,26). Finally, although our subtypes did not show
a one-to-one correspondence with previous subtyping studies,
it is interesting that our functional subtypes also had a
2-dimensional framework (severity vs. typicality) of AD sub-
typing (4): subtype 1 and subtype 2 seemed consistent with
the severity axis, whereas subtype 3 and subtype 4 seemed
consistent with the typicality axis.

Finding subtype divisions in MCI provided additional infor-
mation about predementia stage conditions (79–81). In both
datasets, nearly 45%of theMCI participants were classified into
the mildest impairment subtype based on AD parameters. This
finding was plausible because people with MCI generally have
mild functional alterations and cognitive impairments (20).
Moreover, it also shows that our model did not merely capture
information about the severity of AD. Importantly, the MCI par-
ticipants showed similar patterns of differential functional con-
nectivity and cognition to those found in patients with AD,
indicating that abnormal network heterogeneity exists in the early
stage of AD. No apparent cognitive differentiation was found,
suggesting that there is an underlying functional heterogeneity
despite the macroscopic-level homogeneity in the MCI stage.

It should be emphasized that our findings were highly reli-
able and reproducible. The abnormal network used in the
present study, which was derived from a reliable multicentric
mega-analysis study (40), overlapped with the DMN, salience
network, executive network, and several subcortical areas.
The RFNs of the subtypes were derived from the AFN by
766 Biological Psychiatry May 1, 2023; 93:759–769 www.sobp.org/jou
investigating the coherent patterns of functional connectivity
across subjects using NMF. In total, 4 highly consistent RFNs
and 3 highly correlated patterns of functional alteration were
found in 2 completely independent datasets, which suggests
that these patterns reflect biological differences between AD
subgroups. It should also be noted that the uncorrelated
impairments of subtype 1 between the 2 datasets might be
attributed to the slight and nonspecific impairments
(Figure S7). Moreover, RFNs and subtypes were stable when
applied to different parcellation schema, with or without head
motion control and with or without ComBat harmonization
(Figures S4–S6).

This study had several limitations. First, confounding effects
from the disease severity cannot be prevented completely in the
present method, and the confounding information needs to be
validated with longitudinal data in the future. Second, the in-
dividuals in the MCADI lacked pathological data. Thus, we only
selected amyloid-b-positive individuals in the ADNI to reduce
the effect of this issue, and our highly reproducible results may
indicate that non-AD factors had little impact. Third, the sample
size of the longitudinal data was still relatively small. Future
studies with a large sample size that will include more neurobi-
ological data (i.e., imaging data of amyloid-b and/or tau) are also
needed to verify the relationship between the functional network
divergence and AD-specific disease processes. Fourth, Com-
Bat was validated on fMRI data but not applied generally, indi-
cating that we cannot fully predict the changes in functional
connectivity during harmonization (47). In addition, whether
variations among scanners were controlled is unknown; this
variation might also contribute to the uncorrelated alteration
patterns of subtype 1 between the 2 datasets (Figure S7), which
should be validated using more datasets. Finally, the relation-
ship between functional subtypes and other modal subtypes
(i.e., neurofibrillary tangles and structural- and PET-derived
subtypes) needs to be investigated to uncover the heteroge-
neity of AD systematically.

Collectively, the present study comprehensively character-
ized AD-associated functional brain subtypes using two of the
world’s largest AD resting-state fMRI biobanks. Specific
functional connectivity, cognitive function, and brain structure
characteristics were found in these functional subtypes in both
AD and MCI individuals. These comprehensive findings high-
light the potential for identifying reproducible and generalizable
functional brain subtypes that can contribute to identifying
prognostic markers, provide important insight for reconciling
categorical and dimensional perspectives, and thus advance
the progress toward future precision clinical trials that will be
able to target specific subtypes of AD.
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