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Divergent neurodegenerative patterns: 
Comparison of [18F] fluorodeoxyglucose-PET- 
and MRI-based Alzheimer’s disease subtypes

Sophia H. Wheatley,1 Rosaleena Mohanty,1 Konstantinos Poulakis,1 Fedor Levin,2

J-Sebastian Muehlboeck,1 Agneta Nordberg,1,3 Michel J. Grothe,4 Daniel Ferreira1,5

and Eric Westman1

[18F] fluorodeoxyglucose (FDG)-PET and MRI are key imaging markers for neurodegeneration in Alzheimer’s disease. It has been well 
established that parieto-temporal hypometabolism on FDG-PET is closely associated with medial temporal atrophy on MRI in 
Alzheimer’s disease. Substantial biological heterogeneity, expressed as distinct subtypes of hypometabolism or atrophy patterns, 
has been previously described in Alzheimer’s disease using data-driven and hypothesis-driven methods. However, the link between 
these two imaging modalities has not yet been explored in the context of Alzheimer’s disease subtypes. To investigate this link, 
the current study utilized FDG-PET and MRI scans from 180 amyloid-beta positive Alzheimer’s disease dementia patients, 
339 amyloid-beta positive mild cognitive impairment and 176 amyloid-beta negative cognitively normal controls from the 
Alzheimer’s Disease Neuroimaging Initiative. Random forest hierarchical clustering, a data-driven model for identifying subtypes, 
was implemented in the two modalities: one with standard uptake value ratios and the other with grey matter volumes. Five hypome
tabolism- and atrophy-based subtypes were identified, exhibiting both cortical-predominant and limbic-predominant patterns 
although with differing percentages and clinical presentations. Three cortical-predominant hypometabolism subtypes found were 
Cortical Predominant (32%), Cortical Predominant+ (11%) and Cortical Predominant posterior (8%), and two limbic-predominant 
hypometabolism subtypes found were Limbic Predominant (36%) and Limbic Predominant frontal (13%). In addition, little atrophy 
(minimal) and widespread (diffuse) neurodegeneration subtypes were observed from the MRI data. The five atrophy subtypes found 
were Cortical Predominant (19%), Limbic Predominant (27%), Diffuse (29%), Diffuse+ (6%) and Minimal (19%). Inter-modality 
comparisons showed that all FDG-PET subtypes displayed medial temporal atrophy, whereas the distinct MRI subtypes showed topo
graphically similar hypometabolic patterns. Further, allocations of FDG-PET and MRI subtypes were not consistent when compared 
at an individual level. Additional analysis comparing the data-driven clustering model with prior hypothesis-driven methods showed 
only partial agreement between these subtyping methods. FDG-PET subtypes had greater differences between limbic-predominant 
and cortical-predominant patterns, and MRI subtypes had greater differences in severity of atrophy. In conclusion, this study high
lighted that Alzheimer’s disease subtypes identified using both FDG-PET and MRI capture distinct pathways showing cortical versus 
limbic predominance of neurodegeneration. However, the subtypes do not share a bidirectional relationship between modalities and 
are thus not interchangeable.
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Introduction
Alzheimer’s disease (AD) is the most common neurodegen
erative disease1 and is heterogeneous in nature.2 Over the 
last years, distinct AD subtypes displaying different clinical 
and biological features have been identified.2,3 Despite this, 
there are discrepancies in findings across the studies, espe
cially at an individual level.4 The common consensus from 
AD subtyping research is the presence of distinct cortical- 
predominant versus limbic-predominant profiles of neurode
generation, which primarily reflect differential distributions 
of tau neurofibrillary tangles pathology from neuropatho
logical findings.

Corticolimbic subtypes were first identified from neuro
pathological data by distributions of neurofibrillary tangles 
in cortical and limbic regions. Such AD subtypes were coined 
as ‘Hippocampal Sparing’ and ‘Limbic Predominant’ when 
compared with ‘Typical AD’.5 Typical AD is described by 
a balanced distribution of neurofibrillary tangles in the cor
tical and limbic regions, whereas the other two subtypes 
are described at opposite ends of the spectrum, from low 
to high hippocampal neurofibrillary tangle load relative to 
neocortical regions. Similar hypothesis-driven approaches 
have been applied to in vivo methods such as structural 
MRI, where atrophy patterns resembled prior neuropatholo
gically defined subtypes.6,7 Furthermore, AD subtypes have 
been observed in data-driven studies using in vivo im
aging.2,8 A framework was built based on tau pathology 
and atrophy in AD subtype topography along two axes of 
‘typicality’ and ‘severity’.2 ‘Typicality’ was proposed as a 
spectrum with ‘Limbic Predominant’ and ‘Hippocampal 
Sparing’ on opposite ends with ‘Typical AD’ in the middle, 
whereas ‘severity’ reflects findings from atrophy-based stud
ies with ‘Minimal’ (low atrophy) and ‘Diffuse’ (high atro
phy) patterns as extremes compared with ‘Typical AD.’ It 
is not certain yet whether this framework could be applied 
to imaging modalities other than tau-PET and MRI-based at
rophy. Furthermore, longitudinal MRI studies of AD sub
types revealed that neurodegeneration progressed along 
either a cortical or a limbic pathway.9 Similarly, modelling 
the spread of tau pathology in AD, two pathways were pro
posed starting either in the entorhinal cortex or in associ
ation cortices.10

Molecular imaging complements MRI by measuring func
tional changes for the study of neuropathological hallmarks 
of AD. However, the main body of research in AD hetero
geneity has used MRI scans, although research is branching 
out to other imaging modalities. There are few studies inves
tigating AD heterogeneity using [18F] fluorodeoxyglucose 
(FDG)-PET. Only one data-driven study has been published 
using a data-driven approach to FDG-PET to find different 
patterns of hypometabolism in AD,11 which has been com
plemented by a recent study in amnestic mild cognitive im
pairment (MCI) individuals.12 Similar spatial subtypes to 
those found in MRI studies were identified, including a 
‘Cortical Predominant’ hypometabolism subtype showing 

similarity to the Hippocampal Sparing atrophy subtype, 
and a ‘Limbic Predominant’ subtype. An important aspect 
to consider for linking the findings in these FDG-PET studies 
with MRI studies is the use of the term ‘Typical AD’ pattern, 
which differs across the two modalities. Prominent parieto- 
temporal hypometabolism reflects the typical AD pattern 
in FDG-PET, while widespread atrophy in the cortex and 
hippocampus reflects the typical AD pattern in MRI.13-15

Comparisons of FDG-PET and MRI across the AD con
tinuum have been performed.16-19 These comparative stud
ies found correlations across the two modalities, but not a 
full correspondence of regional neurodegeneration. 
Similarly, comparison of hypometabolism patterns in am
nestic MCI individuals was assessed relative to hippocampal 
atrophy.12 There have also been studies investigating the re
lationship between MRI and tau-PET that show that the neu
rodegeneration patterns do not always correspond between 
the modalities.4,20-24 Exploration of the mismatch between 
tau uptake and hypometabolism in AD, MCI and cognitively 
normal (CN) individuals has also highlighted the complexity 
of the relationship between modalities presumed to be asso
ciated.25 However, the combination of FDG-PET and MRI 
techniques encompassing regions beyond the hippocampus 
in AD subtypes has not yet been performed.

The aim of the current study was to simultaneously 
evaluate heterogeneity in measures of neurodegeneration 
(FDG-PET and MRI) to: (i) identify data-driven subtypes 
of AD, thereby testing the existence of corticolimbic path
ways, (ii) investigate the overlap and relationship of these 
corticolimbic subtypes across FDG-PET and MRI and 
(iii) compare data-driven with hypothesis-driven methods 
of subtyping. Corresponding neurodegeneration patterns 
and clinical and demographic information were assessed 
for each of the subtypes. Understanding the link between 
atrophy and hypometabolism could lead to better subtype 
classification in the context of a biological framework of AD.

Materials and methods
Participants
The cohort consisted of 180 amyloid-beta positive (Aβ+) AD 
dementia, 339 Aβ+ MCI and 176 amyloid-beta negative 
(Aβ−) CN individuals with both a MRI and a FDG-PET 
scan, from the Alzheimer’s Disease Neuroimaging Initiative 
(ADNI), including ADNI1, ADNI2/GO and ADNI3 phases 
(Table 1). The ADNI is a longitudinal multi-centre study 
aimed at investigating whether neuroimaging methods, 
together with genetic, clinical and neuropsychological 
measures, could be used to follow the progression of MCI 
and AD. The ADNI was launched in 2003 as a public– 
private partnership, led by principal investigator Michael 
W. Weiner, MD. For AD patients, the inclusion criteria con
sisted of: Mini-Mental State Examination scores of 20–26, 
Clinical Dementia Rating (CDR) scores of 0.5 or 1.0 and 
meeting the criteria for probable AD. More information of 
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the inclusion and exclusion criteria for the participants can 
be found on the ADNI website (https://adni.loni.usc.edu/ 
help-faqs/adni-documentation/). FDG-PET scans from the 
initial visit and corresponding MRI scans had a mean of 
25-day interval and a maximum of 156-day interval 
(Supplementary Fig. 1). Individuals with AD and MCI 
were included in this study based on Aβ positivity and CNs 
on Aβ negativity. This was first determined by an 
AV45-PET standard uptake value ratio (SUVR) >1.11.26 If 
these data were not available for the individual, we used their 
Aβ (1–42) values from CSF, which were deemed Aβ positive 
if <880pg/ml.27

Fluorodeoxyglucose-PET
Multiple scanners were used for the FDG-PET scans and fol
lowed the appropriate protocols (https://adni.loni.usc.edu/ 
help-faqs/adni-documentation/). Dynamic 3D scans made 
up of six 5-min frames were retrieved 30–60 min after admin
istration of [18F] FDG. FDG-PET scans were co-registered to 
individuals’ MRI scans in Montreal Neurological Institute 
space using PETSurfer,28,29 and regional SUVRs were ex
tracted without partial volume correction.19,30 We investi
gated 82 bilateral regions of interest (ROIs) defined on 
individual’s MRI including cortical and subcortical structures 
based on the standard atlases provided by FreeSurfer.31,32

From these regions, SUVRs were extracted in Montreal 
Neurological Institute space. Intensity normalization was car
ried out by dividing the regional values by the individual’s glo
bal mean uptake.33 This type of normalization has been used 
in prior FDG-PET dementia and subtyping studies.11,34

MRI
T1-weighted magnetization-prepared rapid gradient echo 
MRI scans were preprocessed using FreeSurfer (version 

6.0.0, https://freesurfer.net). MRI scans were collected 
from various sites using multiple scanners (both 1.5 and 3 
T scanners), following the appropriate protocol (https:// 
adni.loni.usc.edu/help-faqs/adni-documentation/). These 
data were preprocessed in-house through theHiveDB data
base.35 Briefly, the preprocessing pipeline involved removal 
of artefacts, transformation to Talairach space and segmenta
tion of cortical and subcortical regions. From the same 82 re
gions used for the FDG-PET, cortical and subcortical grey 
matter volumes were extracted. In addition, we extracted white 
matter hyperintensity (WMH) volume measures from ADNI as 
a measure of small vessel disease. WMH volumes were ex
tracted using proton density, T1 and T2 MRIs for ADNI136

and segmentation of high-resolution 3D T1 and FLAIR se
quences with a Bayesian approach for ADNI-GO/2.37

The raw MRI scans were assessed visually for quality con
trol. Additionally, the estimated total intracranial volumes 
(ICV) from the FreeSurfer output were plotted against the re
gional volumes to identify any outliers where the values were 
grossly under- or over-estimated. WMH volumes were ad
justed for ICV values using the same method, but with the 
ICV values from the WMH datasheet extracted from 
ADNI. The raw images were then checked for these cases 
to confirm exclusion. Further, scans that were not segmented 
or registered properly were excluded. In total, 29 individuals 
(6 CN and 23 AD) were excluded due to poor PET scan qual
ity, failed quality control, poor segmentation or under-/over- 
estimated ICV.

The grey matter volumes were adjusted for head size per 
region by using a residual approach using the ICV values 
from the CN individuals38,39 as shown below:

Volumeadj = Volumeraw–β(ICVraw–ICVmean) 

This adjustment was carried out for each group (CN and 
AD) in relation to the CNs. Volumeraw is the uncorrected 

Table 1 Cohort demographics and clinical characteristics

Clinical and demographic characteristics AD dementia MCI CN P-values

N 180 339 176 —
Women (%) 81 (45%) 145 (43%) 84 (48%) 0.558
Age (years) 74 (8) 73 (7) 75 (7) 0.245
Disease duration (years) 3 (3) — — —
Education (years) 15 (3) 16 (3) 17 (3) <0.001
APOE ɛ4 (%) 126 (70%) 200 (59%) 34 (19%) <0.001
MMSE 23 (2) 27 (3) 29 (1) <0.001
Global CDR 0.8 (3) 0.6 (0.2) 0.03 (0.2) <0.001
ADNI-EF −0.4 (0.7) 0.3 (0.6) 0.8 (0.5) <0.001
ADNI-MEM −0.8 (0.3) 0.03 (0.6) 0.9 (0.5) <0.001
ADNI-LAN −0.2 (0.6) 0.3 (0.5) 0.8 (0.5) <0.001
CDF t-tau (pg/ml) 383 (149) 335 (138) 223 (70) <0.001
CSF p-tau (pg/ml) 38 (16) 33 (15) 20 (6) <0.001
CSF Aβ (pg/ml) 587 (191) 723 (234) 1204 (333) <0.001

The values shown in the table are the means with standard deviations in brackets except for number of individuals, women and APOE ɛ4 carriership for which the percentages are 
provided. The P-values correspond to the χ2 tests conducted for categorical variables and Kruskal–Wallis for continuous variables between AD, MCI and CN groups. Values were 
corrected for multiple comparison with the Holm–Šidák method. AD, Alzheimer’s disease individuals; CN, cognitively normal individuals; APOE ɛ4, apolipoprotein E ɛ4 allele; MMSE, 
Mini-Mental State Examination; CDR, The Clinical Dementia Rating Scale; ADNI-EF, Alzheimer’s Disease Neuroimaging Initiative executive function composite score; ADNI-MEM, 
Alzheimer’s Disease Neuroimaging Initiative memory composite score; ADNI-LAN, Alzheimer’s Disease Neuroimaging Initiative language composite score; CSF t-tau, total tau; CSF 
p-tau, phosphorylated tau; CSF Aβ, amyloid-beta 1–42 peptide.
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volume for the brain ROI. The β value and mean ICV, 
ICVmean, are calculated by running a linear regression model 
per ROI in relation to the ICV using data from the CNs.

CSF biomarkers
In addition to CSF Aβ (1–42) values, we assessed CSF mea
sures of tau phosphorylated at threonine 181 (p-tau) and to
tal tau (t-tau) taken from an automated Elecsys cobas e 601 
analyser.

Neuropsychological testing
We used the Mini-Mental State Examination (MMSE) to as
sess global cognition and composite scores for executive 
function, memory and language40-42 to assess specific cogni
tive domains. For MMSE, lower scores indicate higher glo
bal cognitive impairment and lower scores for each of the 
composite scores indicate greater impairment.

Data-driven subtyping: hierarchical 
clustering analysis
To classify individuals into subtypes in FDG-PET and MRI, 
unsupervised random forest hierarchical clustering was per
formed (Supplementary Figs 2 and 3) to identify the linear 
and non-linear relationships from the regional values. This 
method has previously been used to investigate heterogeneity 
within neurodegenerative diseases using grey matter vo
lumes.10,43,44 In the current study, an identical clustering 
procedure was applied to regional glucose metabolism values 
and grey matter volumes using the same 82 bilateral cortical 
and subcortical ROIs. Two separate clustering models were 
performed, one using glucose metabolism values and another 
with grey matter volumes. In addition, to the AD dementia 
sample, we performed a validation of the data-driven cluster
ing using the MCI sample as an external data set.

First, a distance matrix was calculated based on the re
gional values using a random forest algorithm, which pro
vides information on the similarities and dissimilarities 
across the brain regions. The optimization of hyperpara
meters was performed by selecting the values with the lowest 
out-of-bag errors45 for: number of variables randomly 
sampled at each split (mtry) and minimum size of the termin
al nodes (nodesize). The number of trees was set to 20 000 
for all models. Additionally, the stability of the chosen ran
dom forest model was tested by running the random forest 
algorithm 100 times. The differences between the chosen 
model and the simulated models were calculated 
(Supplementary Figs 4 and 5).

The distance matrix was then reduced to three dimensions 
using classical multi-dimensional scaling to simplify the in
terpretation of the most important features that distinguish 
the clusters from each other. The first three dimensions 
from the multi-dimensional scaling were used for clustering 
as they explained the greatest differences between the 
groups, identified by plotting the eigenvalues of the 

dimensions. Agglomerative hierarchical clustering with aver
age linkage was then run using the reduced matrix to identify 
clusters. The output of the clustering is a dendrogram, and to 
group the individuals into subtypes, the number of clusters 
needs to be chosen. This number (k) was derived by using vari
ous cluster validation indices, namely the Calinski–Harabasz, 
Davies–Bouldin, Dunn and Silhouette indices from NbClust 
and fpc libraries in R. The Calinski–Harabasz index is calcu
lated by comparing the between-cluster variance with the 
within-cluster variance. The Davies–Bouldin index evaluates 
cluster compactness and distinctness by comparing 
within-cluster distances to between-cluster distances. 
Similarly, the Dunn index assesses cluster compactness and 
separation. The Silhouette index is the measure of how well 
the objects fit into its allocated cluster. Collectively, these 
four indices capture a well-rounded assessment for choosing 
the number of clusters for our models.

Inter-modality comparison of 
subtypes
Comparisons between FDG-PET and MRI subtypes were in
vestigated by: (i) subtyping in one modality and mapping the 
corresponding atrophy/hypometabolism patterns in the 
other modality, (ii) frequency of the derived FDG-PET and 
MRI subtypes and (iii) crossover between individual subtype 
allocations.

Regional atrophy patterns of the FDG-PET subtypes and 
regional hypometabolism patterns of the MRI subtypes 
were assessed using w-scores. W-scores17 were calculated 
as z-scores by subtracting the mean and dividing by the 
standard deviation from the CN data and adjusted for cov
ariates: age, sex, education and APOE ɛ4 allele carriership. 
Furthermore, the frequencies of the individuals belonging 
to a given subtype in both modalities, e.g. an individual 
being classified as Cortical Predominant in FDG-PET cluster
ing and Cortical Predominant in MRI clustering, were 
calculated. The different modality-specific subtypes were 
compared in terms of the defining topographical patterns, 
which enabled us to visualize the similarities and differences 
across the subtypes and whether individuals had similar neu
rodegeneration patterns in the two modalities. To test 
whether the modality-specific subtype classifications over
lapped at an individual level, the individuals’ subtype alloca
tions were compared in an alluvial plot. Additionally, to 
numerically demonstrate the overlap, a ratio for each 
FDG-PET and MRI subtype pairing was calculated using 
the total number of cases for each FDG-PET subtype. For in
stance, the ratio was determined by dividing the number of 
Cortical Predominant MRI cases by the total number of 
Cortical Predominant FDG-PET cases.

Data-driven versus hypothesis-driven 
subtypes
This analysis was performed to compare our data-driven 
method with a previously described hypothesis-driven 
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method designed to identify neuropathologically defined cor
ticolimbic subtypes.5-7 The aim was to investigate whether 
there would be an overlap in the subtype categorization 
from these two methods. Given that hypothesis-driven sub
typing has been applied to MRI data previously, this analysis 
additionally aimed to determine whether such a subtyping 
could be adapted using FDG-PET data, mirroring techniques 
previously applied to tau-PET.46 Prior hypothesis-driven 
studies have used the hippocampus-to-cortex ratio to group 
AD individuals into one of three subtypes (‘Limbic 
Predominant’, ‘Typical AD’ and ‘Hippocampal Sparing’) 
using a two-step process using the 75th and 25th percentiles 
and median hippocampal and cortical values.5-7

Hypothesis-driven subtype labels in the current study were 
‘Limbic Predominant’ (low hippocampus-to-cortex ratio) 
and ‘Cortical Predominant’ (high hippocampus-to-cortex 
ratio).

The hippocampus-to-cortex ratio captures whether a sub
type shows either a limbic or cortical pattern and was con
ceptualized as the ‘typicality’ axis in a recent framework 
explaining the topography of AD subtypes.2 A second axis 
of the subtypes was termed ‘severity’, which refers whether 
a subtype shows atypically low or high atrophy. Hence, in 
this analysis, we further compared the data-driven and 
hypothesis-driven subtyping in the context of the published 
framework. For MRI, the measure for ‘typicality’ was the 
hippocampus-to-cortex ratio from volume measures and 
the measure for ‘severity’ was the total grey matter volume. 
For FDG-PET, ‘typicality’ was hippocampus-to-cortex ratio 
from glucose uptake and ‘severity’ was the total average cor
tical SUVR. All subtype classifications were then plotted 
along these two axes. These are orthogonal to each other, ex
plaining the differing patterns in the five common patterns 
of atrophy (Hippocampal Sparing, Limbic Predominant, 
Typical AD, Minimal and Diffuse). To explore this, 
Pearson’s correlations were calculated for measures of ‘typ
icality’ and ‘severity’ within and between the two imaging 
modalities. Typicality and severity measures were further 
used to generate a conceptual figure for the two modalities’ 
subtypes along these two axes. Values for each subtype 
were rescaled to range from values 0 to 1 using min–max 
normalization. These normalized values where then aver
aged and plotted.

Statistical analysis
RStudio and R version 4.2.0 were used for statistical ana
lyses. W-scores were plotted to show the differences in the re
gional SUVRs and grey matter volumes in the subtypes 
compared with the CN individuals.17,47 For FDG-PET, the 
w-scores were calculated using SUVRs scaled by the pons 
as the reference region. The pons was chosen because it has 
been compared with other reference regions across ageing 
and AD studies using FDG-PET and it has been shown to 
work well with both partial volume corrected and non- 
partial volume corrected data.48 These values were averaged 
across the AD individuals, respectively, and reversed so that 

the higher w-scores correspond to greater neurodegeneration 
in the AD group. Brain maps were created using the ggseg li
brary in R.49

The demographic and clinical variables of the subtypes 
were compared using χ² and Kruskal–Wallis tests that were 
adjusted for multiple comparisons with the Holm–Šidák 
method (missing values are listed in Supplementary 
Table 1). Significance was deemed if the P-values were 
<0.05 where the null hypothesis can be rejected when P < 
α with α = 0.001, this stringent alpha value was set to avoid 
Type 1 family-wise errors. Comparisons were made between 
the subtypes and the CN individuals, as well as pairwise 
comparisons between the groups.

Results
Cohort characteristics
The basic clinical and demographic information of the co
hort is reported in Table 1. As expected, The AD, MCI and 
CN groups significantly differed in terms of percentage of 
APOE ɛ4 carriers, cognitive measures and CSF markers. 
There were no significant differences between groups in 
terms of sex and age.

FDG-PET clustering
The overall AD group’s hypometabolism pattern showed 
neurodegeneration in posterior cingulate and frontal cortical 
regions and deeper structures such as the hippocampus 
(Fig. 1A). The clustering model resulted in two main distin
guishing patterns, neurodegeneration in cortical versus lim
bic pathways (Fig. 1C). The Calinski–Harabasz index 
peaked at five clusters, for the Davies–Bouldin index was 
lower at five, the Dunn index plateaued at five and the 
Silhouette index was highest at 3–5 clusters 
(Supplementary Fig. 6). Therefore, we chose five clusters 
as the optimal solution for the FDG-PET model. The 
FDG-PET model was split into five distinct hypometabolism- 
based subtypes. Three subtypes showed cortical- 
predominant hypometabolism of differing severity and 
spatial distribution. The Cortical Predominant posterior 
subtype had cortical hypometabolism mainly in the posterior 
regions (8%), whereas the Cortical Predominant and 
Cortical Predominant+ subtypes showed more widespread 
cortical hypometabolism (32 and 11%, respectively). The 
Cortical Predominant+ subtype had greater hypometabolism 
than the other two cortical-predominant subtypes. Although 
all the subtypes showed some hypometabolism in the hippo
campus, these subtypes had proportionally less involvement 
of this region compared with the cortical areas. Two sub
types displayed limbic hypometabolism, focal to the medial 
temporal and deeper structures (amygdala, hippocampus). 
Here, a principal Limbic Predominant subtype (36%) could 
be distinguished from a Limbic Predominant frontal subtype 
(13%). In the clustering dendrogram (Fig. 1C), the Limbic 
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Predominant frontal cluster originates from its own 
branch, whereas the Limbic Predominant cluster comes 
from the same branch as the Cortical Predominant poster
ior cluster. Thus, the clustering separates these subtypes 
by a frontal versus a posterior hypometabolism pattern. 
By contrast, the Cortical Predominant and Cortical 
Predominant+ clusters are separated on the opposite side 
of the dendrogram by the severity of their cortical hypo
metabolic patterns. Our FDG-PET MCI model also 
showed a split between one limbic-predominant and two 
cortical-predominant subtype patterns (Supplementary 
Fig. 10C). Again, FDG-PET patterns are more widespread 
compared with the MRI patterns even at the prodromal 
stage (Supplementary Fig. 10C-D).

For inter-modality comparisons, the corresponding at
rophy patterns in these subtypes were plotted (Fig. 1E). 
Based on visual comparison of the w-scores, the brain 
maps were topographically similar across FDG-PET sub
types, showing typical AD atrophy in medial temporal, 
hippocampal and some frontal areas. However, the atro
phy pattern of the Cortical Predominant subtype was 
not as widespread in the cortical regions compared with 
the hypometabolism. Additional maps using partial vol
ume corrected SUVRs from PETSurfer were plotted 
(Supplementary Fig. 8). These brain maps did not differ 
greatly from our maps in Fig. 1 topographically but did re
sult in lower w-scores.

Regarding demographic and clinical differences among 
the FDG-PET AD subtypes (Table 2), the Cortical 
Predominant+ subtype was the youngest (67 years) and 
had the earliest age at onset (65 years), more pronounced 
language impairment and lowest executive function scores. 
This subtype also had the highest grey matter volume-based 
and SUVR-based hippocampus-to-cortex ratios. The other 
two cortical subtypes (Cortical Predominant, Cortical 
Predominant posterior) had a higher SUVR-based 
hippocampus-to-cortex ratio than the limbic subtypes. 
Cortical Predominant posterior also had a high 
hippocampus-to-cortex ratio using grey matter volumes 
compared with the limbic subtypes. Among the limbic sub
types, Limbic Predominant frontal was the oldest and had 
latest age at onset and worst language scores. There were 
no significant differences between the subtypes for the other 
variables: sex, disease duration, years of education, APOE 
ɛ4 carriers, MMSE, CDR, cognitive measures of memory, 
CSF biomarkers and total WMH volumes. Although not 
statistically significant, two of the cortical subtypes, 
Cortical Predominant and Cortical Predominant+, had low
er percentage of APOE ɛ4 carriers and Limbic Predominant 
frontal the highest percentage of APOE ɛ4 carriers.

MRI clustering
The overall AD group showed atrophy in the expected med
ial temporal regions such as hippocampus and amygdala 
(Fig. 1B), which will be referred to as a ‘typical’ AD pattern 
for MRI. Similar to FDG-PET subtypes, clustering revealed a 

distinction between either a limbic or a cortical pathway in 
MRI (Fig. 1D). The Calinski–Harabasz index peaked at 
three, but was still high at five clusters, the Davies–Bouldin 
index was lower at five, the Dunn index was high for five al
beit plateaued at six before a sharp increase after that and the 
Silhouette index was highest at three to six clusters 
(Supplementary Fig. 7). Therefore, we chose five clusters as 
the optimal solution for the MRI model based on these re
sults and considering prior work identifying five biological 
subtypes. Another reason for choosing a higher cluster solu
tion was based on the lack of sensitivity for finding atypical 
patterns when implementing a three- and four-cluster solu
tions. The MRI clustering model was split into five atrophy- 
based subtypes. In contrast to the FDG-PET subtypes which 
were limited to cortical and limbic subtypes, the MRI sub
types showed additional ‘minimal’ versus ‘diffuse’ atrophy 
patterns. Similar to the FDG-PET Cortical Predominant sub
types, a Cortical Predominant MRI subtype (19%) showed 
greater cortical atrophy relative to the hippocampus. The 
Limbic Predominant subtype (27%) had the opposite pattern 
with greater atrophy in the hippocampus relative to the cor
tex. The Minimal subtype (19%) had some atrophy in the 
hippocampus and amygdala, but very little atrophy com
pared with CN individuals in the cortical regions. There 
were two diffuse atrophy subtypes, one with greater overall 
atrophy, Diffuse+ (6%), and one with similarly diffuse but 
less severe atrophy (29%). Our MRI MCI model showed a 
split between a minimal atrophy and two limbic- 
predominant subtypes, with less distinct differences in sever
ity (Supplementary Fig. 10D). Overall, the MCI data shows 
similarities with our AD-based models, but with weaker pat
terns due to early stage of the disease.

Based on the inter-modality comparison, the atrophy- 
based subtypes displayed hypometabolism of differing sever
ity in temporo-parietal and lateral temporal regions often 
described to be the ‘typical AD’ pattern in FDG-PET scans 
(Fig. 1F). Compared with the corresponding atrophy maps 
of the FDG-PET subtypes (Fig. 1E), the hypometabolism 
maps (Fig. 1F, Supplementary Fig. 9) were more topograph
ically similar to the MRI subtypes when based on visual com
parison of w-scores. These corresponding maps showed both 
more pronounced (higher w-scores) and more widespread 
hypometabolism in the Minimal and Cortical Predominant 
subtypes compared with their atrophy maps (Fig. 1F, 
Supplementary Fig. 9).

Regarding demographic and clinical differences, among 
the MRI AD subtypes (Table 3), the Diffuse subtype had 
the lowest executive function scores compared with the 
Minimal and Limbic Predominant subtypes. Diffuse, 
Diffuse+ and Cortical Predominant had significantly worse 
executive function scores compared with the Minimal sub
type. Minimal and Limbic Predominant subtypes had signifi
cantly lower SUVR-based hippocampus-to-cortex ratios to 
Cortical Predominant. Significant differences were also 
found in the grey matter volume-based hippocampus-to- 
cortex ratios: Cortical Predominant had the highest 
hippocampus-to-cortex ratio. There were no significant 
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differences between the subtypes for the other variables: sex, 
age, disease duration, age at onset, years of education, 
APOE ɛ4 carriers, MMSE, CDR, cognitive measure of mem
ory and language, CSF biomarkers and total WMH volumes. 
Despite not showing a significant difference, Diffuse+ had 
the highest proportion of APOE ɛ4 carriers (90%) and 
was the oldest group (79 years).

Individual level subtype allocations
To assess the consistency between the two modalities in sub
type assignments, the subtype categorizations for individuals 
were compared across both FDG-PET and MRI (Fig. 2). We 
propose that the cortical subtypes and limbic subtypes are 
most similar between the FDG-PET and MRI subtypes. 
Namely, the FDG-PET Cortical Predominant, Cortical 
Predominant posterior and Cortical Predominant+ subtypes 
are equivalent to MRI Cortical Predominant, Diffuse 
or Diffuse+ patterns topographically, whereas FDG-PET 
Limbic Predominant and Limbic Predominant frontal are 
equivalent to MRI Limbic Predominant. As a Minimal pat
tern was only found in MRI, we do not think that this sub
type has an equivalent in FDG-PET.

The agreement between the FDG-PET and MRI subtype 
allocations was low as this was less than 50%. Although 
the compared subtypes showed similar topographies of neu
rodegeneration (i.e. cortical-/limbic-predominant hypometa
bolism and atrophy, respectively), they did not match at the 
individual level. All possible combinations of allocated 
FDG-PET and MRI subtypes of varying percentages were 
found (Fig. 2A and B). AD individuals classified into the 
FDG-PET Cortical Predominant subtype matched best 
with the MRI Limbic Predominant (33.3%) and MRI 
Cortical Predominant (24.6%) subtypes. In contrast, indivi
duals classified as FDG-PET Cortical Predominant+ matched 
best with MRI Cortical Predominant (35%) and Diffuse 
(35%). FDG-PET Limbic Predominant best matched with 
the three MRI subtypes: Limbic Predominant (28.1%), 
Minimal (26.6%) and Diffuse (25%). FDG-PET Limbic 
Predominant frontal best matched with MRI Diffuse 
(52.2%). FDG-PET Cortical Predominant posterior 
matched best with MRI Limbic Predominant (37.5%).

Data-driven versus hypothesis-driven 
subtyping
Clustering-based and prior hypothesis-based subtypes were 
compared within the framework of typicality and severity2

in both FDG-PET and MRI (Fig. 3). Within each modality, 
data-driven and hypothesis-driven subtypes overlapped 
with each other reasonably well for most subtypes (Fig. 3A 
and B). The agreement between MRI data-driven and MRI 
hypothesis-driven limbic-predominant subtypes (55.6%) 
was better than that between cortical-predominant subtypes 
(30%) (Fig. 3B). Contrarily, the agreement between 
FDG-PET data-driven and FDG-PET hypothesis-driven 

cortical-predominant subtypes (90%) was better than that 
between limbic-predominant subtypes (82%) (Fig. 3A).

Association between typicality and severity by modality 
differed. Correlation between typicality and severity 
(Table 4) was significant in FDG-PET (R2 = 0.25, 
P < 0.001), but not in MRI. The severity measures 
(R2 = 0.15, P < 0.001) in FDG-PET and MRI were more 
strongly associated with each other than typicality measures 
(R2 = 0.02, P < 0.05). Additionally, FDG-PET subtypes are 
more separable across the typicality axis than MRI, which is 
evident when comparing averaged normalized values of typic
ality and severity for each subtype (Fig. 4), whereas for MRI 
subtypes, there was a clearer split of the along the severity axis.

Discussion
This study investigated cross-modality AD subtypes by ap
plying data-driven subtyping models to regional FDG-PET 
and MRI data. To our knowledge, this is the first study to im
plement identical data-driven models to concurrent 
FDG-PET and MRI data to identify and compare modality- 
specific neurodegeneration-based AD subtypes. Despite 
FDG-PET and MRI both being interchangeable measures 
of neurodegeneration within the ATN framework,45,46 our 
findings show that the respective neurodegeneration sub
types differed across modalities and within individuals.

Using the same data-driven model, cortical and limbic AD 
subtypes were independently identified in both FDG-PET 
and MRI methodology. At a group level, the expected pattern 
of temporo-parietal hypometabolism50-54 was found in the AD 
group. However, FDG-PET subtypes showed distinct patterns 
of hypometabolism: Cortical Predominant, Cortical 
Predominant+, Cortical Predominant posterior, Limbic 
Predominant and Limbic Predominant frontal. Our findings 
resemble findings of the only previous study addressing FDG 
subtypes in AD.11 In terms of topography, Cortical 
Predominant, Cortical Predominant posterior and Limbic 
Predominant subtypes in our study are closest to the Typical 
subtype (hypometabolism in cortical and limbic regions) identi
fied by Levin et al.11 although with differing clinical character
istics. The differences in findings could possibly be explained 
by methodological (clustering method, regions used for cluster
ing, etc.) and sample differences. Two subtypes that were iden
tified included the Cortical Predominant+ (younger, fewer 
APOE ɛ4 carriers, executive function impairment) and 
Limbic Predominant frontal (older age, more APOE ɛ4 car
riers), which align well with the Cortical Predominant and 
Limbic Predominant subtypes, respectively, identified by 
Levin et al.11 Together, these two studies indicate the clear pres
ence of distinct cortical- and limbic-predominant profiles of hy
pometabolism in AD. In addition, our supplementary findings 
using the MCI sample also showed a presence of cortical versus 
limbic subtypes at a prodromal stage with more diluted patterns 
of neurodegeneration.

The MRI pattern of the whole AD group showed the 
expected pattern of medial temporal and hippocampal 
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atrophy.55-58 However, the MRI AD subtypes showed five 
distinct patterns: Cortical Predominant, Limbic Predominant, 
Minimal atrophy, Diffuse and Diffuse+. Our data-driven 
MRI subtypes had similar percentages and clinical presen
tation to what has been found previously.2,9,43,59,60 In 
accordance with previous studies, Limbic Predominant 
had focal limbic atrophy and later age at onset. Cortical 
Predominant resembles the ‘Hippocampal Sparing’ MRI sub
type previously described, with greater atrophy in the cortical 
relative to the limbic regions, as well as greater executive func
tion impairment, higher proportion of men and younger age. 
The two Diffuse subtypes in this study resemble Typical and 
Diffuse subtypes identified previously (widespread atrophy, 
older and worse memory scores). At the other end of the se
verity dimension, Minimal atrophy subtype resembled prior 
Minimal subtypes topographically and clinically (shortest 

disease duration and highest MMSE). Our MCI findings 
also identified minimal and limbic subtypes with diminished 
patterns of neurodegeneration, but a cortical pattern was 
not identified this early in the disease stage.

We did not observe an overlap in terms of topography nor 
demographics, despite identifying cortical and limbic sub
types in both FDG-PET and MRI. As the ‘typical’ AD pattern 
for each modality differs, this can be seen in the subtypes’ 
modality-specific neurodegeneration. Key regions show neu
rodegeneration at varying levels of severity, such as posterior 
cingulate cortex in FDG-PET (Fig. 1C) and medial temporal 
lobe and hippocampus for MRI (Fig. 1D). FDG-PET sub
types show a clearer cortical pathway compared with the 
MRI subtypes, which are more susceptible to more limbic 
neurodegeneration. These results are in line with the com
mon AD patterns in these two modalities: neocortical hypo
metabolism in FDG-PET51,53,61 and medial temporal 
atrophy in MRI.55,57 While the regional atrophy does not 
mimic hypometabolism in FDG-PET subtypes (Fig. 1C and 
E), regional hypometabolism mirrors atrophy in MRI sub
types more closely (Fig. 1D and F). For example, cortical- 
predominant FDG-PET subtypes with limited hippocampal 
hypometabolism were found to show considerable limbic 
(hippocampal) atrophy. This finding is congruent with the 
well-established evidence that higher cortical hypometabolism 
is closely associated with higher hippocampal atrophy.17,19,62

Our study goes a step further to demonstrate that in contrast, 

Figure 3 Data-driven versus hypothesis-driven AD subtypes in FDG-PET and MRI along typicality and severity axes. 
Hypothesis-driven subtypes are defined along the ‘typicality’ axis using prior hippocampus-to-cortex ratio classification using grey matter volumes 
and FDG-PET SUVRs. Each datapoint represents an individual included in this study that was allocated into the data-driven and/or hypothesis- 
driven subtypes along axes of ‘typicality’ and ‘severity’. For agreement across these two subtyping measures refer to the legend, ‘Subtype 
Agreement’. (A) Data-driven FDG-PET subtypes with FDG-PET hypothesis-driven subtypes along MRI typicality and severity. (B) Data-driven 
MRI subtypes with MRI hypothesis-driven subtypes along MRI typicality and severity. CP, Cortical Predominant; CP+, Cortical Predominant+; LP, 
Limbic Predominant; LP frontal, Limbic Predominant frontal; Min, Minimal atrophy.

Table 4 Correlations between typicality and severity in 
FDG-PET and MRI

Model R² P-values

FDG-PET typicality and FDG-PET severity (Fig. 3A) 0.25 < 0.001**
MRI typicality and MRI severity (Fig. 3B) 0.0011 0.53
FDG-PET severity and MRI severity 0.15 <0.001**
FDG-PET typicality and MRI typicality 0.02 0.0073*

Pearson’s correlations between measures of ‘typicality’ and ‘severity’ in both modalities.
*P < 0.05. **P < 0.001.
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a cortical-predominant MRI subtype with limited hippocam
pal atrophy also shows cortical-predominant hypometabolism 
with limited hippocampal hypometabolism. A previous study 
assessed FDG-PET severity within AD typical cortical regions 
in hypothesis-driven MRI subtypes using the hypometabolic 
convergence index.7 Hippocampal Sparing had highest values 
of this index compared with Limbic Predominant and Typical 
AD subtypes, highlighting the overlap in cortical hypometabo
lism and atrophy. Although our FDG-PET subtypes had simi
lar patterns of cortical hypometabolism and atrophy, this was 
not the case when assessing deeper structures (Fig. 1E and F). 
Thus, FDG-PET and MRI do not necessarily share a bidirec
tional relationship in capturing hippocampal neurodegenera
tion. A previous study comparing tau-PET and MRI 
subtypes longitudinally also showed that the modalities do 
not always correspond, and atrophy is not always a down
stream event. This was particularly true for the more atypical 
subtypes.24 Further, it would be interesting to validate a similar 
method across tau-PET and FDG-PET subtypes in future 
work.

Interestingly, when assessing how individuals were sub
typed in both modalities, a remarkably low classification 
correspondence between equivalent subtypes (i.e. cortical-/ 
limbic- predominant) in the different modalities was found 

(Fig. 2A). Individuals classified as cortical-predominant 
hypometabolism subtypes were not always classified as 
cortical-predominant atrophy subtypes and even matched 
with limbic-predominant atrophy patterns. Limbic hypome
tabolism subtypes agreed with different levels of atrophy 
severity from Minimal to Diffuse. The ‘disconnection 
hypothesis’ has been proposed in AD to explain concurrent 
retrosplenial cortex hypometabolism and medial temporal 
atrophy.15,19,63 It has been proposed that local and/or dis
tant atrophy results in downstream hypometabolism in the 
parietal and retrosplenial cortex.19,64 In our corresponding 
neurodegeneration maps (Fig. 1E and F), association between 
levels of isthmus cingulate (part of retrosplenial cortex) hypo
metabolism relative to medial temporal lobe atrophy can be 
appreciated. FDG-PET subtypes; Cortical Predominant and 
Cortical Predominant posterior had greatest isthmus cingulate 
hypometabolism and consequently displayed greater medial 
temporal atrophy than the other subtypes (Fig. 1C and E). 
Conversely, Cortical Predominant+ hypometabolism subtype 
had greatest atrophy in cingulate/precuneus regions and least 
in the hippocampus compared with the other hypometabo
lism subtypes. This is in concordance with prior findings in 
early-onset AD patients who typically show more posterior 
cortical atrophy compared with hippocampal atrophy.61,65

Figure 4 Data-driven neurodegeneration-based AD subtypes along axes of typicality and severity. The current study’s 
neurodegeneration-based AD subtypes were defined along the typicality–severity framework (Ferreira et al., 2020). The placement of the 
subtypes was calculated using the mean min–max normalized ‘typicality’ and ‘severity’ values for the subtypes (SUVR-based values for FDG-PET 
subtypes, volume-based for MRI subtypes). Each datapoint represents the mean min–max normalized value per subtype; values are also given in 
Tables 2 and 3. The colours correspond to a neurodegeneration AD subtype identified in the current study. CP, Cortical Predominant; CP+, 
Cortical Predominant+; LP, Limbic Predominant; LP frontal, Limbic Predominant frontal; Min, Minimal atrophy.
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MRI subtypes’ corresponding hypometabolism maps all 
showed isthmus cingulate involvement even in the Minimal 
atrophy subtype (Fig. 1D and F). This finding resembles prior 
findings of minimal hippocampal and posterior cingulate at
rophy AD pattern that showed significant hypometabolism.61

This could be indicative of FDG-PET being an earlier marker 
of neurodegeneration than MRI.66-69 Due to the poor com
patibility between FDG-PET and MRI AD subtypes, a com
bined model may be more suitable for subtyping and should 
be tested in future studies. Moreover, neuropathological 
data and their association with specific neurodegeneration 
patterns could provide the missing link between FDG-PET 
and MRI. Potential copathologies are often present in com
bination with AD;70 therefore, more analysis is needed espe
cially within subtypes60 and across different imaging 
modalities.71 Different pathologies have been linked to specif
ic patterns of atrophy and hypometabolism.72-74 These co
pathologies could also explain the divergence between 
atrophy and metabolism patterns.

Measures such as the hippocampus-to-cortex ratio based on 
neuropathological data5 have been applied successfully using 
grey matter volumes from MRI.6,7 In this study, we compared 
such measures with findings from our data-driven approach.2

Our findings showed that there was agreement between 
hypothesis-driven and data-driven approaches. Interestingly, 
FDG-PET Cortical Predominant+ also had higher hippocam
pus-to-cortex ratio when using grey matter volumes similar to 
the finding in Levin et al.11. The data-driven subtypes addition
ally capture the second axis of ‘severity’, as Minimal and 
Diffuse subtypes were found in the MRI. It can also be argued 
that our FDG-PET subtypes show different levels of ‘severity’ as 
Limbic Predominant frontal and Cortical Predominant+ show 
greater overall hypometabolism than the other limbic and cor
tical subtypes. In a clinical setting, a simplified version of the 
subtyping may be preferred for example using visual ratings 
of atrophy and/or hypothesis-driven subtyping (typicality and 
severity) as shown in this study. However, the contrast between 
data-driven and hypothesis-based methods highlights the issue 
with harmonization of methods for subtyping in AD.4 In gen
eral, hypothesis-driven hippocampus-to-cortex ratios work 
well using FDG-PET SUVRs and match well with data-driven 
subtypes. However, as this is the first study to test these two 
methods using FDG-PET SUVRs, this would need to be fur
ther validated. Typicality and severity were correlated in 
FDG-PET indicating that cortical subtypes are the more se
vere compared with the limbic subtypes, whereas typicality 
and severity were not correlated in MRI, showing that the 
link is different across the two modalities (Table 4). These 
findings could indicate that there are more complex mechan
isms at play, such as copathologies72,74 as neither of these 
measures are specific to AD.

Conceptually, FDG-PET and MRI subtypes found in our 
study can be defined along the ‘typicality’ and ‘severity’ axes 
(Fig. 4). Typicality splits the two modality-specific subtypes 
into either a limbic or cortical pattern. Severity splits the ex
tremes found in the MRI subtypes of limited to widespread at
rophy. In contrast, there was a greater split along the typicality 

axis for FDG-PET subtypes between cortical and limbic hypo
metabolism. In this study, we propose that subtypes do not al
ways lie orthogonal along these two axes and are often a 
combination of both. Namely, we found that FDG-PET 
Limbic Predominant subtype is left of the centre towards lim
bic along the typicality axis but is positioned lower on the 
severity axis compared with Limbic Predominant frontal. 
The same applies to the Cortical Predominant+ and Cortical 
Predominant subtypes which have widespread hypometa
bolism. The severity for the current FDG-PET subtypes is 
backed by frontal hypometabolism being indicative of a later 
stage of AD.75 The complexity of the relationship of the two 
modalities is reflected in this figure, and underlying mis
matches between the two modalities have been highlighted 
throughout this study.

This study has various limitations; one is its cross- 
sectional design. To concretize the current findings, longitu
dinal studies are needed to be able to label these patterns as 
subtypes. Longitudinal clustering has been performed in AD 
to investigate heterogeneity of topographical differences in 
MRI.9,76 In addition, tau- and amyloid-PET studies have 
used cross-sectional data with a probabilistic model for pre
dicting disease subtype and stage.77,78 Future research 
should explore the progression of glucose metabolism across 
these subtypes in relation to other imaging modalities. 
Additionally, testing the models and classification of the sub
types in clinical cohorts for external validity is important. 
The samples used in the current study are mainly amnestic in
dividuals due to ADNI’s strict inclusion/exclusion criteria. 
This limits the assessment of the overlap between the bio
logical subtypes observed in this study and atypical AD syn
dromes. Another limitation is that the individuals in this 
study likely have mixed pathologies that cannot be detected 
through neuroimaging alone. Utilizing neuropathological 
data in combination with in vivo data should be a focus in 
future studies.

Ultimately, the current study identified data-driven cor
tical and limbic AD subtypes from FDG-PET and MRI scans. 
These data-driven subtypes overlapped well with hypothesis- 
driven methods, validating our findings. Although, the main 
finding was that structure does not always reflect function 
when assessing corresponding patterns of neurodegenera
tion in these subtypes. Cortical and limbic subtypes did not 
overlap in the two modalities in terms of individual subtype 
allocation. Furthermore, these subtypes lie along ‘severity’ 
and ‘typicality’ axes distinctly across modalities as shown 
in our conceptual figure (Fig. 4). Copathologies may contrib
ute to this divergence in FDG-PET and MRI subtype pat
terns. In conclusion, the current findings highlight the need 
for a multimodal perspective for understanding the complex 
biological AD mechanisms.

Supplementary material
Supplementary material is available at Brain Communications 
online.
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