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Distinct spatiotemporal atrophy patterns 
in corticobasal syndrome are associated 
with different underlying pathologies

William J. Scotton,1 Cameron Shand,2 Emily G. Todd,1 Martina Bocchetta,1,3

Christopher Kobylecki,4,5 David M. Cash,1 Lawren VandeVrede,6 Hilary W. Heuer,6

Annelies Quaegebeur,7,8 Alexandra L. Young,2 Neil Oxtoby,2 Daniel Alexander,2

James B. Rowe,7,9 Huw R. Morris10,11 for the PROSPECT Consortium, Adam L. Boxer6

for the 4RTNI Consortium, Jonathan D. Rohrer1,* and Peter A. Wijeratne2,12,*

* These authors contributed equally to this work.

Although the corticobasal syndrome was originally most closely linked with the pathology of corticobasal degeneration, the 2013 
Armstrong clinical diagnostic criteria, without the addition of aetiology-specific biomarkers, have limited positive predictive value 
for identifying corticobasal degeneration pathology in life. Autopsy studies demonstrate considerable pathological heterogeneity in 
corticobasal syndrome, with corticobasal degeneration pathology accounting for only ∼50% of clinically diagnosed individuals. 
Individualized disease stage and progression modelling of brain changes in corticobasal syndrome may have utility in predicting 
this underlying pathological heterogeneity, and in turn improve the design of clinical trials for emerging disease-modifying therapies. 
The aim of this study was to jointly model the phenotypic and temporal heterogeneity of corticobasal syndrome, to identify unique 
imaging subtypes based solely on a data-driven assessment of MRI atrophy patterns and then investigate whether these subtypes pro
vide information on the underlying pathology. We applied Subtype and Stage Inference, a machine learning algorithm that identifies 
groups of individuals with distinct biomarker progression patterns, to a large cohort of 135 individuals with corticobasal syndrome 
(52 had a pathological or biomarker defined diagnosis) and 252 controls. The model was fit using volumetric features extracted from 
baseline T1-weighted MRI scans and then used to subtype and stage follow-up scans. The subtypes and stages at follow-up were used 
to validate the longitudinal consistency of the baseline subtype and stage assignments. We then investigated whether there were dif
ferences in associated pathology and clinical phenotype between the subtypes. Subtype and Stage Inference identified at least two dis
tinct and longitudinally stable spatiotemporal subtypes of atrophy progression in corticobasal syndrome; four-repeat-tauopathy 
confirmed cases were most commonly assigned to the Subcortical subtype (83% of individuals with progressive supranuclear palsy 
pathology and 75% of individuals with corticobasal-degeneration pathology), whilst those with Alzheimer’s pathology were most 
commonly assigned to the Fronto-parieto-occipital subtype (81% of individuals). Subtype assignment was stable at follow-up 
(98% of cases), and individuals consistently progressed to higher stages (100% stayed at the same stage or progressed), supporting 
the model’s ability to stage progression. By jointly modelling disease stage and subtype, we provide data-driven evidence for at least 
two distinct and longitudinally stable spatiotemporal subtypes of atrophy in corticobasal syndrome that are associated with different 
underlying pathologies. In the absence of sensitive and specific biomarkers, accurately subtyping and staging individuals with corti
cobasal syndrome at baseline has important implications for screening on entry into clinical trials, as well as for tracking disease 
progression.
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Introduction
The corticobasal syndrome (CBS) is characterized by a pro
gressive asymmetric akinetic-rigid syndrome and cortical 
features including apraxia, cortical sensory loss and cogni
tive dysfunction.1 Although CBS was first described in indi
viduals with corticobasal degeneration (CBD) pathology at 
post-mortem,2 autopsy studies demonstrate considerable 
underlying pathological heterogeneity in those who present 
clinically with CBS.3 CBD pathology only accounts for 
∼50% of all clinically diagnosed CBS patients,4 with the 
others usually having other primary tauopathies [such as 
progressive supranuclear palsy (PSP), Pick’s disease (PiD), 
and globular glial tauopathy (GGT)], transactive response 
DNA binding protein 43 (TDP-43) proteinopathy, and 
Alzheimer’s disease pathology3,5-8 This underlying patho
logical heterogeneity explains why the Armstrong Criteria9

have a limited positive predictive value for identifying under
lying CBD pathology in life.8

An atypical posterior variant of Alzheimer’s disease was de
fined in the 2014 diagnostic criteria,10 but it is only with the 
emergence of amyloid and tau PET tracers, alongside CSF 
and now plasma biomarkers for Alzheimer’s disease,11,12

that CBS associated with versus without Alzheimer’s disease 
pathology13 can be identified. Biomarkers that are positive in
dicators for 4R tau (CBD, PSP, GGT), 3R tau (PiD) and 
TDP-43 are less well developed in comparison, and although 
various tests are currently under investigation in the research 
setting, none are yet validated for routine clinical use. 
Structural MRI studies of CBS cases with post-mortem path
ology show that at the group level there are differences in the 
cross-sectional pattern of atrophy between some pathologies 
(CBD, PSP, TDP-43 and Alzheimer’s disease), and between 
those with CBS associated with versus without amyloid path
ology. It is unclear, however, to what extent such findings are 
driven by differences in disease stage at time of MRI versus 
pathology-specific differences, given that the studies either 
do not correct for underlying disease stage5,14 or use 
Mini-mental State Examination (MMSE) as a proxy for 
stage.15 Grouping individuals based on cross-sectional MRI 
atrophy patterns without fully accounting for disease stage 
may be suboptimal, as different atrophy patterns may occur 
within the same subgroup due to individuals being at different 
disease stages.16 Predicting the pathology underlying CBS 
when Alzheimer’s disease biomarkers are negative, is there
fore difficult due to the lack of both clinico-pathological cor
relation and specific biomarkers. Developing individualized 
disease progression models of pathological brain changes in 
CBS that predict this underlying heterogeneity will be critical 
to the success of clinical trials for emerging disease-modifying 
therapies17-20

In recent years, advances in machine-learning have pro
vided tools to disentangle this phenotypic (clinical subtype) 
and temporal (pathological stage) heterogeneity. One such 
algorithm, Subtype and Stage Inference (SuStaIn),21 com
bines disease progression modelling with clustering to 

identify probabilistic data-driven disease subtypes with dis
tinct temporal progression patterns, using only cross- 
sectional data. SuStaIn was originally applied to structural 
MRIs in Alzheimer’s disease whilst more recent work in
cludes identifying distinct patterns of tau and amyloid accu
mulation in Alzheimer’s disease using PET data.22,23 The 
clinical, anatomical and pathological heterogeneity of CBS 
makes it ideally suited to modelling using SuStaIn.

The aim of this study was to uncover imaging subtypes of 
CBS based solely on a data-driven assessment of atrophy pat
terns, to test the hypothesis that modelling disease subtype 
and stage jointly would provide information on the under
lying pathology. To this end, we used the SuStaIn algorithm 
with cross-sectional structural MRI data from a large inter
national cohort of clinically diagnosed CBS patients. We fur
ther compared the clinical phenotypes and associated 
pathology in each SuStaIn subtype to gain insight into the re
lationship between atrophy, underlying pathology and clin
ical features.

Materials and methods
Study cohorts and clinical data
MRI and clinical data from individuals with a clinical diagnosis 
of ‘possible’ or ‘probable’ CBS per Armstrong’s 2013 criteria9

were collected from seven main cohorts: the 4R Tauopathy 
Imaging Initiative Cycle 1 (4RTNI 1; ClinicalTrials.gov: 
NCT01804452),24,25 the 4R Tauopathy Imaging Initiative 
Cycle 2 (4RTNI 2; ClinicalTrials.gov: NCT02966145), the da
vunetide randomized control trial (DAV; ClinicalTrials.gov: 
NCT01056965),26 the salsalate clinical trial (SAL; 
ClinicalTrials.gov: NCT02422485),27 the young plasma clin
ical trial (YP; ClinicalTrials.gov: NCT02460731),27 the 
PROgressive Supranuclear Palsy CorTico-Basal Syndrome 
Multiple System Atrophy Longitudinal Study (PROSPECT; 
ClinicalTrials.gov: NCT02778607),28 and the University 
College London Dementia Research Centre (UCL DRC) 
FTD cohort. Controls were collected from three cohorts with 
equivalent available data; PROSPECT, the UCL DRC FTD 
cohort and the Frontotemporal Lobar Degeneration 
Neuroimaging Initiative dataset (FTLDNI). Information per
taining to the recruitment, diagnostic criteria and MRI scanner 
acquisition protocols has been described previously.29,30

Appropriate ethical approval was acquired through applica
tion to each of the individual trial and research ethics 
committees.

For study inclusion, all participants needed to have, as a 
minimum, a baseline T1-weighted volumetric MRI on a 
1.5 or 3 Tesla scanner, and basic demographic data (sex 
and age at time of scan). Clinical rating scale scores [PSP rat
ing scale, Unified Parkinson Disease Rating Scale-III 
(UPDRS), Schwab and England Activities of Daily Living 
scale (SEADL) and Montreal Cognitive Assessment 
(MoCA) or MMSE at baseline and follow-up], pathology 
at autopsy, CSF Alzheimer’s disease biomarker positivity 
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(Aβ1–42, tau and ptau), amyloid PET positivity (with florbe
taben, florbetapir, or Pittsburgh Compound-B) and follow- 
up scans were also included if available. Amyloid PET scans 
were collected at participating 4RTNI-2 centres and positiv
ity was defined by expert visual read by certified staff.

As detailed in previous work,29 original trial analyses 
failed to show any treatment effect (including no change in 
volumetric MRI measurements) in the SAL, YP and DAV 
trials, so data were combined from each study’s treatment 
and placebo arms. Longitudinal data were used to validate 
the consistency of SuStaIn’s subtype and stage assignments 
at follow-up.

Multiple Imputation via Chained Equations package 
(mice) was used to impute missing observations in individual 
PSP rating clinical subscores, when at least 80% of the 
assessment was complete.31 Given the PROSPECT and 
4RTNI2 trials only assessed cognitive function using the 
MOCA (as opposed to the MMSE for the other trials), raw 
MOCA scores were converted to MMSE scores using the 
method first introduced by Lawton et al.32

MRI acquisition and image processing
The MRI acquisition protocols and image processing pipe
line have been described in detail in previous work.29,30 To 
summarize, cortical and subcortical structures were auto
matically parcellated using geodesic information flows 
algorithm (GIF),33 a multi-atlas segmentation propagation 
approach. Subregions of the cerebellum were parcellated 
using GIF based on the Diedrichsen atlas,34 and the brain
stem structures were subsequently segmented using a version 
of the brainstem module available in FreeSurfer, customized 
to accept the GIF parcellation of the whole brainstem as in
put.35 Volumes for 24 grey matter regions were calculated: 
four brainstem [medulla, pons, superior cerebellar peduncle 
(SCP) and midbrain], three cerebellar (cerebellar cortex, den
tate nucleus and vermis), eight subcortical [thalamus, globus 
pallidus (GP), caudate, putamen, ventral diencephalon (DC), 
hippocampus, amygdala and nucleus accumbens (NA)] and 
nine cortical (basal forebrain, cingulate, corpus callosum, 
frontal anterior, frontal posterior, insula, temporal, parietal 
and occipital) regions. A list of GIF subregions included in 
each cortical region is detailed in Supplementary Table 1. 
Total intracranial volume (TIV) was calculated using 
SPM12 v6225 (Statistical Parametric Mapping, Wellcome 
Trust Centre for Neuroimaging, London, UK) running in 
MATLAB R2012b (Math Works, Natick, MA, USA).36 All 
segmentations were visually inspected to ensure accurate seg
mentation. Regional volumes were corrected for scanner 
magnetic field strength (1.5T or 3T), scanner manufacturer 
(General Electric or Siemens), sex, age at baseline scan and 
TIV, by performing a linear regression on the control popu
lation and then propagating this model to the CBS popula
tion, to generate covariate-adjusted regional volumes.

We carried out pairwise comparisons between healthy 
controls and cases at baseline visit and selected covariate ad
justed regional volumes (from the 24 listed in the previous 

section) where the difference between the two groups was as
sociated with a moderate to large effect size (Cohen’s d effect 
size of 0.6 for standardized mean differences between the 
cases and controls). This resulted in the selection of 19 re
gions of interest (ROI) that were then included in down
stream analysis (Supplementary Table 2); four brainstem 
(medulla, pons, SCP and midbrain), two cerebellar (cerebel
lar cortex and dentate nucleus), six subcortical (thalamus, 
GP, caudate, putamen, ventral DC, and amygdala) and seven 
cortical (corpus callosum, frontal anterior, frontal posterior, 
insula, temporal, parietal and occipital) regions. Regions 
that had a right and left label were combined (volumes 
summed). Covariate-adjusted volumes for these 19 ROIs 
were converted into z scores relative to the control group 
(see Supplementary Materials for more detail).

Subtype and stage inference
SuStaIn is a probabilistic machine learning algorithm that 
simultaneously clusters individuals into groups (subtypes) 
and infers a trajectory of change associated with each group; 
that trajectory defines the disease stage (degree of disease 
progression within a subtype) of each individual within the 
corresponding group. Detailed formalization of SuStaIn 
has been published previously,21 and more detail on the algo
rithm and how it was applied to the data in this study is pro
vided in the Supplementary Materials. A summary of the 
Z-score settings, MCMC iterations and number of random 
starting sequences used for the SuStaIn algorithm are pro
vided in Supplementary Table 3.

The trained model was used to calculate the probability 
that each individual falls at each stage of each subtype, 
and individuals were assigned to their maximum likelihood 
subtype and stage (as per Young et al.21). Subtype progres
sion patterns identified by SuStaIn were visualized using 
BrainPainter,37 which was modified to include brainstem 
segmentations.

Statistical analysis
Individuals assigned to SuStaIn stage 0 (i.e. no atrophy on 
imaging compared to controls) were labelled as ‘normal 
appearing’. All other individuals were labelled as ‘subtypable’ 
and we assigned these to their most probable subtype 
and stage. In addition, CBS cases were stratified by likely 
underlying pathology into CBS-PSP, CBS-CBD and CBS-AD. 
While CBS-PSP and CBS-CBD were diagnosed by post- 
mortem pathology, cases were assigned to CBS-AD category 
either by post-mortem pathology, or if they had a positive 
Alzheimer’s disease biomarker in life (raised CSF Tau/A-Beta 
1–42 ratio or positive Amyloid PET noting that amyloid posi
tive biomarker status denotes presence of Alzheimer pathology 
not absence of CBD or PSP-pathology, and co-incidental amyl
oid positivity is expected to rise with age). All other cases with
out a post-mortem diagnosis or a positive Alzheimer’s disease 
biomarker were assigned as CBS-Indeterminate (CBS-IDT). 
Software and packages used to conduct analyses are described 
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in the Supplementary Materials. All analyses were performed 
either in R (version 4.0.5) or Python (version 3.7.6).

Baseline characteristics
We performed pairwise comparisons of baseline characteristics 
between all CBS cases and controls, CBS pathological diagnosis 
(CBS-CBD, CBS-PSP, CBS-AD and CBS-IDT) versus all CBS 
cases, and each CBS pathology grouping against each other, 
using two-tailed unpaired t-tests for continuous variables and 
χ2 tests for categorical variables. Statistical significance was re
ported at a level of P<0.05, both uncorrected for and corrected 
for multiple comparisons (Bonferroni correction).

Association between subtype 
assignment and covariates
We tested for any residual association between covariates 
(scanner magnetic field strength, scanner manufacturer, 
sex, age at scan, total intracranial volume, SuStaIn stage) 
and SuStaIn subtype, by fitting a binomial logistic regression 
model to the two-subtype data, and a multinomial logistic re
gression to the three-subtype data. To confirm that age ef
fects on regional brain volumes had been successfully 
regressed out, linear models were fit to assess for any residual 
association between individual covariate adjusted regional 
volumes and age at scan.

Subtype characterization
First, we assessed the overall differences between subtypes 
independently of stage, excluding individuals assigned as 
normal appearing (stage 0). Two-tailed unpaired t-tests 
were performed for continuous variables and χ2 tests for cat
egorical variables followed by post hoc pairwise compari
sons for CBS pathology versus SuStaIn subtype.

To test for associations between clinical scores (PSP rating 
scale, UPDRS-III, SEADL and MMSE) and SuStaIn subtype, 
a linear mixed-effects model was fit to the data. Subject Id 
was modelled as a random effect (random intercept) due to 
some subjects having two MRI scans at different time points. 
SuStaIn subtype and stage, age, and sex were accounted for 
by fitting a linear mixed effects model [clinical score ∼ sub
type + stage + (1 | ID) + AAS + sex] for each clinical test score. 
Significance was calculated using the lmerTest package,38

which applies Satterthwaite’s method to estimate degrees 
of freedom and generate P-values for mixed models. 
Statistical significance was reported at a level of P < 0.05, 
and at the Bonferroni corrected level of P < 0.005 for demo
graphic variables (11 items) and clinical scores (10 vari
ables), to account for multiple comparisons.

To assess average stage by clinical syndrome by SuStaIn 
subtype, we performed a one-way ANOVA (mean stage ∼ 
CBS pathology + sustain baseline subtype) with the aov() 
function from the stats package (version 3.6.2). Tukey post 
hoc significant differences were then calculated to identify 
the level of significance.

Next, we tested for differences in all 24 baseline regional 
volumes of interest between the different SuStaIn subtypes 
using two-tailed unpaired t tests, with statistical signifi
cance reported at a level of P < 0.05, both uncorrected for 
and corrected for multiple comparisons (Bonferroni correc
tion). The rationale for using all regional volumes (24 ra
ther than the 19 used in model fitting) was to investigate 
what the overall pattern of atrophy was for each subtype 
at baseline.

Finally, to assess for the degree of asymmetry, we tested 
for brain volume differences between left and right hemi
spheres at baseline using a laterality index (LI). This was de
fined as the absolute difference between left and right 
volumes divided by the total brain volume, multiplied by 
100. We then then applied t tests on this index between 
the different subtypes for both the two- and three-subtype 
model, between the baseline and follow-up scans for each 
subtype in each model and finally between the different 
pathological groups. All P-values were Bonferroni corrected 
for multiple comparisons.

Longitudinal validation
We used the longitudinal imaging data to validate the stabil
ity of subtypes, and to assess stage progression, based on the 
hypothesis that individuals should remain assigned to the 
same subtype but advance to higher stages over time (or at 
least remain at the same stage). Subtype stability was defined 
as the proportion of individuals that were assigned to the 
same subtype at follow-up(s) or progressed from stage 0 
(normal appearing) to a higher stage and subtype (i.e. be
came subtypable). To assess stage progression, SuStaIn stage 
at baseline and follow-up(s) was compared for all individuals 
and the proportion of individuals that either advanced to a 
higher stage or stayed at the same stage at follow-up was 
calculated.

Results
Demographics
Table 1 summarizes the key baseline demographic and clin
ical features for CBS cases and controls included in this 
study. In total, this study included 500 MRI images from a 
total of 387 individuals; 135 had a clinical diagnosis of 
CBS, with 69 individuals having a total of 113 follow-up 
scans, and 252 controls. Of the 69 individuals that had 
follow-up, 27 (39%) had one follow-up scan, 40 (58%) 
had two follow-up scans, and two (3%) had three follow-up 
scans. For each individual, follow-up scan(s) were performed 
on the same MRI scanner as the original baseline scan, and 
the mean (SD) time interval from baseline to final follow-up 
scan was 1.04 years (±0.46). Of those diagnosed with CBS, 
52 (39%) received a pathological or biomarker-based diag
nosis: 12 were CBS-CBD, 6 were CBS-PSP, 34 were 
CBS-AD and 83 were CBS-IDT. There were no data 
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available on co-pathologies in those that received a patho
logical diagnosis. Pathology group comparisons on the 
Laterality index also did not identify any significant differ
ences in asymmetry, either between pathology groups or be
tween baseline and follow-up within pathology groups. 
However, there was a trend to decreasing asymmetry in 
the CBS-AD group (baseline 2.5 SD  1.6 versus follow-up 
1.7  1.0, t = 2.3, adj. P = 0.09) and the CBS-PSP group 
(baseline 1.9 SD  1.0 versus follow-up 1.6  1.4, t = 0.5, adj. 
P = 1.0), with a suggestion that asymmetry increases in 
the CBS-CBD group (baseline 1.8 SD  1.0 versus follow-up 
2.3  0.8, t = −1.5, adj. P = 0.57).

Overall, the CBS cases had an older average age at time of 
first scan compared with controls (66.4 years, SD  7.7 versus 
62.3 years, SD  9.2, P < 0.05, corrected for multiple compar
isons), though were matched for sex. Disease duration (de
fined as time from symptom onset to scan) at time of first 
scan was lower in the CBS-CBD group compared with 
CBS-AD and CBS-IDT (3.4 years, SD  1.6 versus 4.9 years, 
SD  3.2 versus 5.2 years, SD  2.9, P < 0.05 for all uncorrect
ed for multiple comparisons) although this did not survive 
Bonferroni correction.

Regarding clinical scores, the only statistically significant 
difference between pathology groups was in the Bulbar sub- 
score of the PSP rating scale which was lower in the 
CBS-CBD group compared to CBS-IDT (0.9, SD  1.2 versus 
2.0, SD  2.1, P < 0.05 uncorrected for multiple compari
sons). There was also no difference between the SEADL 
and MMSE scores between pathological groups.

Spatiotemporal subtypes of CBS
Given CBS is such a rare disease (3/100 000 estimated preva
lence39,40), we trained SuStaIn using CBS cases only, based on 
the rationale that it is very unlikely any of our controls had 

asymptomatic CBS. Indeed, it is more likely that the controls 
would have a more common neurodegenerative disorder such 
as Alzheimer’s disease, which may confound subtype and 
stage inference, further supporting the exclusion.

We started with the hypothesis that there would be three 
distinct subtypes of atrophy in the CBS cohort each asso
ciated with a different underlying pathology. Comparing 
the out-of-sample log likelihoods and CVIC for the three- 
subtype model and the two-subtype model demonstrated 
that the two-subtype model (Supplementary Fig. 1A) best 
described the data with the lowest CVIC (Supplementary 
Fig. 1B). Given that the study was likely to be underpowered 
with only 135 cases, we decided to investigate both the two- 
subtype and the three-subtype models to compare the disease 
progression patterns and clinical phenotypes.

Two-subtype model
Based on the earliest MRI abnormalities seen in the SuStaIn 
defined trajectories, we named the first the subcortical sub
type and the second the Fronto-parieto-occipital subtype 
[Fig. 1A and Supplementary Fig. 2 for positional variance 
diagrams (PVD)]. The Subcortical subtype (62/135, 46% 
of cases) starts with atrophy in the SCP of the cerebellum 
and the midbrain, followed by the pons, medulla, ventral 
DC, dentate nucleus and thalamus. The atrophy then pro
gresses to the posterior frontal cortex and the insula, poster
iorly to the parietal and occipital cortices and anteriorly to 
the anterior frontal cortices, before finally affecting the tem
poral cortices. In contrast, in the Fronto-parieto-occipital 
subtype (73/135, 54% of cases), the earliest atrophy starts 
in the parietal cortex and posterior frontal cortex, followed 
by the insula, occipital and then temporal cortex. Atrophy 
in the basal ganglia (putamen and GP) also occurs earlier 
on in this subtype than the Subcortical subtype, while the 

Table 1 Baseline clinical and demographic data (by pathology)

Controls All CBS CBS-CBD CBS-PSP CBS-AD CBS-IDT

Baseline, n (fu visits) 252 135 (113) 12 (13) 6 (5) 34 (26) 83 (69)
Sex, % female 57% 51% 50% 83% 38% 54%
Age first scan, y 62.3 (9.2)c 66.4 (7.7)c 65.2 (7.0)) 70.4 (5.7) 66.5 (7.7) 66.3 (8.0)
Age first symptom, ya 61.5 (8.7) 64.8 (6.2) 60 (2.83) 61.5 (8.0) 61.2 (9.4)
Disease duration, ya,b 4.9 (2.9) 3.4 (1.6)d,e,f 4.3 (1.6) 4.9 (3.2)e 5.2 (2.9)f

PSP rating scale score 26.3 (13.9) 26.7 (15.0) 33.8 (8.7) 24.9 (12.8) 26.5 (14.6)
History 5.6 (3.2) 6.7 (3.9) 6.8 (4.5) 5.0 (2.6) 5.7 (3.3)
Mentation 3.1 (2.8) 2 (1.5) 3.8 (1.3) 3.7 (3.4) 3.0 (2.4)
Bulbar 1.7 (2.1) 0.9 (1.2)f 1.0 (0.8) 1.4 (2.3) 2.0 (2.1)f

Ocular motor 2.3 (3.5) 2.9 (3.8) 3.8 (2.2) 1.7 (2.2) 2.4 (4.0)
Limb motor 7.7 (3.7) 7.7 (3.7) 9.2 (2.1) 7.3 (3.7) 7.7 (3.9)
Gait and midline 5.9 (5.0) 6.6 (5.1) 9.3 (7.2) 5.7 (5.2) 5.7 (4.9)

SEADL 57.8 (25.5) 55.7 (20.7) 42.5 (54.4) 53.2 (27.6) 61.0 (24.7)
UPDRS-III 32.0 (17.2) 34.3 (13.0) 47.2 (26.4) 31.2 (20.2) 31.0 (15.7)
MMSE 23.8 (5.9) 23.3 (7.5) 19.2 (8.6) 22.0 (7.4) 25.0 (4.3)

Values are mean (SD), apart from Sex % female, Baseline n (n follow-up visits), Pathology n (% PSP). Pairwise comparisons between groups were performed using t tests for continuous 
variables and χ2 tests for categorical variables. aNote incomplete data for disease duration/age at first symptom. bTime from first symptom to first scan. cAll CBS vs Controls. 
Statistically significant at p < 0.05, corrected for multiple comparisons. dCBS [pathology group] vs All CBS. Statistically significant at p < 0.05, corrected for multiple comparisons. eCBS- 
CBD vs CBS-AD. Statistically significant at p < 0.05, uncorrected for multiple comparisons. fCBS-CBD vs CBS-IDT. Statistically significant at p < 0.05, uncorrected for multiple 
comparisons. AD, Alzheimer’s disease; CBD, corticobasal degeneration; IDT, indeterminate pathology; MMSE, Mini–Mental State Examination; PSP, progressive supranuclear palsy; 
SEADL, Schwab and England Activities of Daily Living; UPDRS, Unified Parkinson’s Disease Rating Scale.

Spatiotemporal atrophy and pathology in CBS                                                                         BRAIN COMMUNICATIONS 2025, fcaf066 | 7

http://academic.oup.com/braincomms/article-lookup/doi/10.1093/braincomms/fcaf066#supplementary-data
http://academic.oup.com/braincomms/article-lookup/doi/10.1093/braincomms/fcaf066#supplementary-data
http://academic.oup.com/braincomms/article-lookup/doi/10.1093/braincomms/fcaf066#supplementary-data
http://academic.oup.com/braincomms/article-lookup/doi/10.1093/braincomms/fcaf066#supplementary-data


brainstem, thalamus and ventral DC become atrophic later 
in sequence.

Overall, 12 of the 135 individuals (9%) in the two-subtype 
model were normal appearing at baseline, and so were ex
cluded from subtype post hoc analysis. Three of these indivi
duals had a pathological diagnosis of Alzheimer’s disease 
(CBS-AD) and nine were CBS-IDT. Interestingly, of the nine 
CBS-IDT, six had negative Alzheimer’s disease biomarkers 
and were therefore a pathology other than Alzheimer’s disease.

The group comparisons on the laterality index did not iden
tify significant asymmetry in the individuals assigned to the 
Fronto-parietal-occipital as compared with Subcortical sub
type (2.2, SD  1.5 versus 2.1, SD  1.3, t = 0.3 P = 0.75). 
There was also no significant change in asymmetry for either 
subtype for baseline scans as compared to follow-up scans; 
Fronto-parietal-occipital (baseline 2.2, SD  1.5 versus follow- 
up 2.2, SD  1.9, t = −0.2 P = 0.82) and Subcortical (baseline 
2.1, SD  1.3 versus follow-up 2.1, SD  1.2, t = −0.2 P = 0.82).

A

B

Figure 1 Two-subtype model of atrophy progression in CBS identified by subtype and stage inference (SuStaIn). (A) Spatial 
distribution and severity of atrophy at each SuStaIn stage by Subtype. Each row (Subcortical top, Fronto-parieto-occipital bottom) represents a 
subtype progression pattern identified by SuStaIn consisting of a set of stages at which brain volumes in CBS cases reach different z-scores relative 
to controls. Total n = 123 (subcortical n = 56, fronto-parieto-occipital = 67). (B) Assignment of CBS pathology to each SuStaIn subtype. Size of bar 
(x-axis) represents percentage of cases labelled with that PSP syndrome assigned to that SuStaIn subtype (y-axis). Total n = 123 (PSP = 6, CBD =  
12, IDT = 74, AD = 31). PSP = PSP pathology at post-mortem, CBD = at post-mortem, AD = AD pathology at post-mortem or a positive AD 
biomarker (CSF or amyloid PET) during life. Visualizations in A were generated using the BrainPainter software,37 modified to include the 
brainstem segmentations.
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A binomial logistic regression model was fitted to assess 
for any residual association between SuStaIn subtype, 
SuStaIn stage, and regressed covariates (SuStaIn subtype ∼ 
SuStaIn stage + TIV + age at first scan + sex + scanner manu
facturer/field strength). Apart from age at first scan [younger 
in Fronto-parietal-occipital subtype (z = 2.0, P = 0.04)], 
there was no dependency of subtype on any of the other cov
ariates (Supplementary Fig. 3) including SuStaIn stage, 
which showed a similar distribution of stages across each 
subtype (Supplementary Fig. 4). We confirmed that despite 
the difference in age between cases and controls, age effects 
had been effectively regressed out of the regional covariate 
adjusted volumes for both cases (Supplementary Table 4
and Supplementary Fig. 5) and controls (Supplementary 
Table 5 and Supplementary Fig. 6).

Three-subtype model
In the three-subtype model (Fig. 2A and Supplementary Fig. 
7 for the PVDs), the Subcortical subtype (43/135, 32% of 
cases) was also present with a very similar trajectory of atro
phy to the Subcortical subtype in the two-subtype model. Of 
these 43 cases, 39 of them (91%) were also assigned to the 
Subcortical subtype in the two-subtype model. The second 
subtype we named the Fronto-parietal subtype (62/135, 
46% of cases), which had earliest atrophy in the posterior 
frontal and basal ganglia regions, followed closely by the in
sula and parietal regions. The midbrain and thalamus were 
affected next followed by the temporal and occipital cortices. 
The third, Parieto-occipital (30/135, 22%) subtype, showed 
the most posterior atrophy with the parietal and occipital 
cortices affected first followed by the posterior frontal cortex 
and putamen, then the insula amygdala and temporal cortex.

13 of the cases (9.6% of all cases) in the three-subtype 
model were normal appearing (stage 0) at baseline; 12 of 
these were also normal appearing in the two-subtype model. 
Three of these had a pathological diagnosis of CBS-AD, and 
the other 10 were CBS-IDT. Six of the 10 CBS-IDT cases 
were negative for Alzheimer’s disease biomarkers. There 
was similar distribution of stages across each subtype 
(Supplementary Fig. 8).

Although there was a difference in the mean Laterality 
Index between the three groups at baseline [laterality 
index (SD) ordered from most to least asymmetry; 
Parieto-occipital 2.4 (1.7), Subcortical 2.2 (1.3) and 
Fronto-parietal 2.0 (1.3)], these differences did not meet 
statistical significance. When comparing baseline and 
follow-up groups only the Parieto-occipital subtype 
showed an effect with decreasing asymmetry at follow-up 
[baseline 2.4 (1.7) versus follow-up 1.3 (1.0), t = 2.9, 
adj.P = 0.02]. There was a trend to decreasing asymmetry 
in the Subcortical group [baseline 2.2 (1.3) versus follow- 
up 2.0 (1.6), t = 0.4, adj.P = 1.0] and increasing asym
metry in the Fronto-parietal group [baseline 2.0 (1.2) 
versus follow-up 2.6 (1.8), t = −2.2, adj. P = 0.09] though 
neither were statistically significant.

A multinomial logistic regression model was fitted to as
sess for any residual association between SuStaIn subtype, 
SuStaIn stage and regressed covariates (SuStaIn subtype ∼ 
SuStaIn stage + TIV + age at first scan + sex + scanner manu
facturer/field strength). There was no dependency of subtype 
on any of the other covariates including SuStaIn stage 
(Supplementary Fig. 9).

Longitudinal consistency of models
To validate the models’ inference of subtype longitudinal tra
jectories from the baseline MRI data, we tested the trained 
SuStaIn model’s ability to subtype and stage the follow-up 
MRI data. A total of 103 follow-up (103/113) scans were 
subtypable for both the two- and three-subtype models 
from a total of 63 CBS cases (47% of all CBS cases in cohort; 
23 cases had one follow-up scan, 37 had two follow-up scans 
and two had three follow-up scans). The 10 normal appear
ing scans at follow-up were also normal appearing at base
line scan. The mean (SD) time interval from baseline to 
final follow-up scan was 1.06 years (± 0.47).

SuStaIn subtype assignments were 
stable at follow-up
Overall, the two-subtype model showed the highest subtype 
assignment stability with 98% of those with subtypable 
follow-up scans (101/103) remaining in the same subtype 
at follow-up or progressing to a subtype from being non- 
subtypable at baseline (one case; Supplementary Table 6). 
Two cases assigned to the Fronto-parieto-occipital subtype 
switched to the Subcortical subtype at follow-up (both 
CBS-AD). The average probability with which SuStaIn as
signed individuals to the subtypes at baseline was high; 
0.92 (SD  0.1) for the Subcortical subtype and 0.94 (SD  
0.1) for the Fronto-parieto-occipital subtype.

For the three-subtype model, 93% (96/103) of cases showed 
subtype assignment stability (Supplementary Table 7); five 
cases switched from the Subcortical subtype to the Fronto- 
parietal subtype (all CBS-IDT and negative for Alzheimer’s dis
ease biomarkers) at follow-up and two switched from the 
Fronto-parietal to the Parieto-occipital subtype (one was 
CBS-AD, and the other CBS-IDT). The average probability of 
subtype assignment at baseline was slightly lower than the two- 
subtype model; 0.87 (SD  0.2) for the Subcortical subtype, 0.81 
(SD  0.1) for the Fronto-parietal subtype and 0.79 (SD  0.2) for 
the Parieto-occipital subtype.

Individuals consistently progressed to 
higher stages at follow-up
In the two-subtype model, 100% of subtypable individuals 
either stayed at the same stage (15%, 15/103) or progressed 
to a higher stage (85%, 88/103; Fig. 3A). The 
Fronto-parieto-occipital subtype had a slightly higher per
centage progressing to a higher stage at follow-up (88%, 
59/67) compared with the Subcortical subtype (81%, 29/36).
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In the three-subtype model, 98% stayed at the same 
stage or progressed (11%, 11/103 and 87%, 90/103, 
respectively; Fig. 3B). Two individuals (2%; both 

CBS-CBD, one assigned to the Fronto-parietal and one 
assigned to the Subcortical subtype) dropped one stage at 
follow-up.

A

B

Figure 2 Three-subtype model of atrophy progression in CBS identified by subtype and stage inference (SuStaIn). (A) Spatial 
distribution and severity of atrophy at each SuStaIn stage by Subtype. Each row (subcortical top, fronto-parietal middle and parieto-occipital 
bottom) represents a subtype progression pattern identified by SuStaIn consisting of a set of stages at which brain volumes in CBS cases reach 
different z-scores relative to controls. Total n = 122 (subcortical n = 38, fronto-parietal = 56, parieto-occipital = 28). (B) Assignment of CBS 
pathology to each SuStaIn subtype. Size of bar (x-axis) represents percentage of cases labelled with that PSP syndrome assigned to that SuStaIn 
subtype (y-axis). Total n = 123 (PSP = 6, CBD = 12, IDT = 73, AD = 31). PSP = PSP pathology at post-mortem, CBD = at post-mortem, AD = AD 
pathology at post-mortem or a positive AD biomarker (CSF or Amyloid PET) during life.
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Subtypes were differentially enriched 
for underlying CBS pathologies
In the two-subtype model, the Subcortical subtype is asso
ciated with four-repeat Tau (4RT) pathology and the 
Fronto-parieto-occipital subtype with Alzheimer’s disease 
pathology (Fig. 1B). A total of 83.4% of CBS-PSP cases (5/ 
6) and 75% of the CBS-CBD cases (9/12) were assigned to 
the Subcortical subtype, whereas 80.6% of CBS-AD cases 
(25/35) were assigned to the Fronto-parieto-occipital sub
type (Table 2). There was little difference in baseline demo
graphic and clinical scores between the two subtypes. 
When looking at regional unadjusted baseline volumes in 

the two-subtype model (Supplementary Table 8), those as
signed to the Fronto-parieto-occipital subtype had signifi
cantly lower mean volumes in the temporal, parietal, 
occipital cortices compared to the Subcortical subtype at 
baseline scan. In contrast, the Subcortical subtype had sig
nificantly lower volumes in the midbrain, pons, SCP, dentate 
and the ventral DC.

In the three-subtype model, the addition of a third subtype 
separates CBS-CBD from CBS-PSP pathology with CBS-AD 
pathology predominantly assigned to a parieto-occipital sub
type (Fig. 2B). In those with CBS-CBD, 83% (10/12) were as
signed to the Fronto-parietal subtype with the remainder 
assigned to the Subcortical subtype, whilst in CBS-PSP, 

Figure 3 Stage progression at follow-up visits by SuStaIn subtype. Scatter plots of each subtype for (A) the two-subtype model (B) the 
three-subtype model showing predicted stage at baseline (x-axis) versus predicted stage at follow-up scan (y-axis) for those subtypable CBS cases 
with a follow-up scan (n = 103). The area of the circle is weighted by the number of scans at each point, and the colour of the circle represents the 
time (years) between visits.
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83% (5/6) are assigned to the Subcortical subtype and 17% (1/ 
6) to the Fronto-parietal subtype. Neither of the CBS-4RT path
ologies (PSP and CBD) were assigned to the Parieto-occipital 
subtype. In contrast, the majority of CBS-AD cases were as
signed to the Parieto-occipital subtype (68%, 21/31) with 
22% (7/31) assigned to the Fronto-parietal subtype and 10% 
(3/31) assigned to the Subcortical subtype (Table 3). 

Comparing all regional unadjusted baseline volumes in the 
three-subtype model (Supplementary Table 9), the Subcortical 
subtype has the lowest volumes of the three subtypes in the mid
brain, SCP, pons, dentate and the ventral diencephalon, whilst 
the Parieto-occipital subtype had the lowest volumes in the tem
poral, parietal, occipital cortices and the hippocampus. The 
Fronto-parietal subtype had the lowest volumes in the 

Table 2 Comparison of demographics, pathological diagnosis, and clinical test scores between subtypes (two-subtype 
model)

Subcortical Fronto-parieto-occipital P-value

All scans, n 62 (45.9) 73 (54.8)
Subtypable scans, n 56 (45.5) 67 (54.5) 0.77a

Average subtype probabilityb 0.92 (0.1) 0.94 (0.1) 0.33
Sex, % female 50% 55% 0.56
Age first scan, y 68.3 (7.9) 65.4 (7.2) 0.03c

Age at first symptom, yd 64.0 (9.3) 60.3 (7.7) 0.06
Disease duration, yd,e 4.4 (2.7) 5.1 (2.8) 0.18
CBS pathology, n -

CBS-CBD 9 (75%) 3 (25%)
CBS-PSP 5 (83%) 1 (17%)
CBS-AD 6 (19%) 25 (81%)
CBS-IDT 36 (49%) 38 (51%) <0.001f

PSP rating scale 27.8 (13.6) 24.8 (14.6) 0.31
SEADL 58.5 (22.7) 55.9 (28.5) 0.62
UPDRS-III 33.2 (17.7) 31.1 (17.5) 0.55
MMSE 23.8 (4.9) 23.5 (7.0) 0.82

Values are mean (SD) or n (%), apart from Sex = % female. Pairwise comparisons between groups were performed using t tests for continuous variables and χ2 tests for categorical 
variables. aAll scans vs. subtypable scans. bSubtype probability = the probability of assignment for an individual case to given subtype. cStatistically significant at p < 0.05, uncorrected for 
multiple comparisons. dNote incomplete data for disease duration/age at first symptom. eTime from first symptom to first scan. fStatistically significant at p < 0.05, corrected for 
multiple comparisons. AD, Alzheimer’s disease; CBD, corticobasal degeneration; CBS, corticobasal syndrome; IDT, pathology indeterminate; MMSE, Mini–Mental State Examination; 
PSP, progressive supranuclear palsy; SEADL, Schwab and England Activities of Daily Living; UPDRS, Unified Parkinson’s Disease Rating Scale.

Table 3 Comparison of demographics, pathological diagnosis and clinical test scores between subtypes 
(three-subtype model)

Subcortical Fronto-parietal Parieto-occipital P-value

All scans, n 43 (32%) 62 (46%) 30 (22%) -
Subtypable scans, n 38 (31%) 56 (46%) 28 (23%) 0.77a

Average subtype probabilityb 0.87 (0.2) 0.81 (0.1) 0.79 (0.2) 0.07
Sex, % female 58% 48% 47% 0.36
Age first scan, y 68.5 (6.6) 66.3 (8.4) 64.9 (7.2) 0.15
Age at first symptom, yc 63.3 (7.2) 62.8 (10.1) 58.6 (7.2) 0.15
Disease duration, yc,d 5.0 (3.1) 4.5 (2.7) 4.9 (2.5) 0.71
CBS pathology, n -

CBS-CBD 2 (17%) 10 (83%) 0 (0%)
CBS-PSP 5 (83%) 1 (17%) 0 (0%)
CBS-AD 3 (10%) 7 (22%) 21 (68%)
CBS-IDT 28 (38%) 38 (52%) 7 (10%) <0.05e

PSP rating scale 28.5 (13.7) 26.0 15.3) 24.3 (12.6) 0.55
SEADL 57.8 (22.2) 59.8 (25.7) 51.2 (31.1) 0.43
UPDRS 35.0 (18.5) 30.6 (15.8) 31.5 (20.1) 0.58
MMSE 23.9 (4.6) 25.3 (4.5) 20.1 (8.8) <0.05e

Values are mean (SD) or n (%), apart from sex = % female. Group comparisons were performed using a linear model for continuous variables (continuous variable ∼ SuStaIn subtype) 
and χ2 tests for categorical variables. aAll scans versus subtypable scans. bSubtype probability = the probability of assignment for an individual case to a given subtype. cNote incomplete 
data for disease duration/age at first symptom. dTime from first symptom to first scan. eStatistically significant at P < 0.05, corrected for multiple comparisons. AD, Alzheimer’s disease; 
CBD, corticobasal degeneration; CBS, corticobasal syndrome; IDT, pathology indeterminate; MMSE, Mini-Mental State Examination; PSP, progressive supranuclear palsy; SEADL, 
Schwab and England Activities of Daily Living; UPDRS, Unified Parkinson’s Disease Rating Scale.
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amygdala, posterior frontal cortex and the basal ganglia of the 
3 subtypes.

Association between stage, subtype, 
and clinical disease severity
We went on to assess the association between stage, subtype 
and clinical disease severity in the both the two- and three- 
subtype model, controlling for age and sex.

In the two-subtype model (Table 4), only the Gait and 
midline PSP rating scale subscore was different between 
the Subcortical and Fronto-parieto-occipital subtype (worse 
in the Subcortical subtype: t = −2.04, P = 0.04, uncorrected) 
those this did not survive Bonferroni correction. Worsening 
total PSP rating scale score (and History, Bulbar and 
Oculomotor subscores) and MMSE score were associated 

with increasing SuStaIn stage, suggesting these scores decline 
with disease progression in both subtypes.

In the three-subtype model (Table 5), the main difference 
to the two-subtype model was that there was no longer a sig
nificant difference in Gait and midline subscores between the 
subtypes, while significant differences between performance 
on the MMSE became apparent in the Parieto-occipital sub
type (t = −3.11, P = 2.4 × 10−3).

Discussion
We applied an unsupervised machine learning algorithm 
(SuStaIn) to a large cohort of clinically diagnosed CBS cases, 
uncovering imaging subtypes based solely on a data-driven 
assessment of cross-sectional atrophy patterns. Prior studies 
have retrospectively assessed both structural5,14,15 and 

Table 4 Comparison of adjusted clinical scores between subtypes in the two-subtype model

SuStaIn subtype SuStain stage

t value P-value t value P-value Subtype with worse score Change with Sustain stage

PSP rating scale score
Total −0.63 0.27 2.32 0.02a Worsens
History −1.11 0.78 1.99 0.04a Worsens
Mentation 0.61 0.55 1.38 0.17
Bulbar −0.35 0.72 4.00 1 × 10−4b Worsens
Ocular motor −0.62 0.54 2.46 0.02a Worsens
Limb motor 0.13 0.89 −0.25 0.80
Gait and midline −2.04 0.04a 0.34 0.73 Subcortical subtype

SEADL −0.31 0.75 −0.94 0.34
UPDRS-III −0.01 0.99 0.88 0.38
MMSE −0.19 0.85 −4.20 5 × 10−5b Worsens

Linear mixed model of clinical score ∼ subtype + stage + (1 | ID) + AAS + sex. Significance was calculated using Satterthwaite’s method to estimate degrees of freedom and generate 
P-values. Includes 226 scans (123 baseline and 103 follow-up scans and varying timepoints). aStatistically significant at P < 0.05, uncorrected for multiple comparisons (10 items, P <  
0.005). bStatistically significant at P < 0.05, corrected for multiple comparisons (10 items, P < 0.005). FPO, fronto-parieto-occipital; MMSE, Mini–Mental State Examination; SEADL, 
Schwab and England Activities of Daily Living; UPDRS, Unified Parkinson’s Disease Rating Scale.

Table 5 Comparison of adjusted clinical scores between subtypes in the three-subtype model

SuStaIn subtype 
(fronto-parietalc)

SuStaIn subtype 
(parieto-occipitalc) SuStaIn stage

t value P-value t value P-value t value P-value
Subtype with  
worse score

Change with  
Sustain stage

PSP rating scale score
Total −1.24 0.22 −0.83 0.41 2.46 0.01a Worsens
History −0.97 0.34 −0.91 0.37 2.02 0.05b Worsens
Mentation −0.57 0.57 1.42 0.16 1.44 0.15
Bulbar −0.05 0.96 −1.14 0.25 3.68 3.7 × 10−4a Worsens
Ocular motor −1.39 0.17 −1.58 0.12 2.72 7.6 × 10−3a Worsens
Limb motor −0.03 0.98 −0.51 0.61 0.22 0.83
Gait and midline −1.58 0.11 −1.07 0.29 1.72 0.09

SEADL 0.44 0.66 −1.16 0.25 −1.13 0.26
UPDRS-III −0.75 0.46 −0.24 0.81 1.05 0.30
MMSE 1.35 0.18 −3.11 2.4 × 10−3a −3.79 2.4 × 10−4a Parieto-occipital Worsens

Linear mixed model of clinical score ∼ subtype + stage + (1 | ID) + AAS + sex. Significance was calculated using Satterthwaite’s method to estimate degrees of freedom and generate 
P-values. Includes 226 scans (123 baseline and 103 follow-up scans at varying timepoints). aStatistically significant at P < 0.05, corrected for multiple comparisons (10 items, P < 0.005).
bStatistically significant at P < 0.05, uncorrected for multiple comparisons (10 items, P < 0.005). cNamed SuStaIn subtype compared to Subcortical subtype. MMSE, Mini–Mental State 
Examination; SEADL, Schwab and England Activities of Daily Living; UPDRS, Unified Parkinson’s Disease Rating Scale.
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FDG-PET imaging41 at a group level, as correlates of CBS 
pathology. Three of these studies5,14,41 took no account of 
disease stage in their analysis and so are limited by the inher
ent assumption that all subjects are at a common disease 
stage (no temporal heterogeneity). The study by Whitwell 
et al.15 uses the MMSE score as a proxy for disease stage, al
though MMSE may not be similarly affected across the dif
ferent pathologies or for a given stage of disease. In 
addition, none of these clinico-pathological studies include 
longitudinal imaging follow-up and provide little informa
tion on the earliest regions in the brain affected by disease 
within the different pathological subtypes. By using 
SuStaIn to jointly model both disease stage and subtype sim
ultaneously, we were able to better account for this temporal 
heterogeneity, highlighting the regions that are affected earli
est in the disease course for each imaging subtype, whilst also 
providing a fine-grained staging model within each subtype 
that allowed staging of individual patients.

It is important to note that the model was agnostic to 
underlying pathology, and we only used the pathology infor
mation post hoc, to test the hypothesis that these imaging 
subtypes would provide information on the underlying path
ology. In support of this hypothesis, the subtypes were differ
entially associated with underlying pathology; the data best 
supported a two-subtype model, with 4RT (PSP or CBD) 
confirmed cases being most commonly assigned to the 
Subcortical subtype (83% of PSP and 75% of CBD, respect
ively), and Alzheimer’s disease cases being most commonly 
assigned to the Fronto-parieto-occipital subtype (81% of 
CBS-AD cases). The Subcortical subtype (46% of cases) 
was characterized by early atrophy of the SCP, midbrain 
and dentate nucleus, followed by the basal ganglia, remain
ing brainstem structures and the thalamus, with the posterior 
frontal cortex being the first cortical structure to become ab
normal. This early involvement of the brainstem and subcor
tical structures in CBS-4RT is in keeping with previous work 
that shows that more severe atrophy is found in these regions 
in CBS-PSP and CBS-CBD compared with controls and 
CBS-AD.42 In contrast, the Fronto-parieto-occipital subtype 
demonstrates earliest atrophy in the parietal region closely 
followed by the posterior frontal, insular and occipital corti
ces. The basal ganglia, similar to the Subcortical subtype, are 
involved early in the sequence, as one might expect given 
these individuals have presented with a cortico-basal syn
drome. The fact that Alzheimer’s disease pathology is strong
ly assigned to this subtype is also in keeping with published 
clinico-pathological imaging studies, where CBS-AD demon
strates the most severe atrophy in the parietal and posterior 
frontal regions.5,14,15

The two-subtype model best explained the data in this co
hort, as evidenced by the cross-validation log likelihoods and 
CVIC in Supplementary Fig. 1. The three-subtype model was 
underpowered with several of the different subtype stages 
only having a single individual assigned. Given our initial hy
pothesis that there would be at least three CBS imaging sub
types, and the fact that there was only a small decrease in 
model log likelihood with a third subtype added, we decided 

to carry out post hoc analyses on both the two- and the three- 
subtype models. Further analysis of the three-subtype model 
showed that adding a third subtype allowed differentiation 
of PSP from CBD pathology, albeit at a loss of specificity 
for Alzheimer’s disease pathology. Given the availability of 
sensitive and specific Alzheimer’s disease biomarkers, this 
may allow for identification of these cases that do not map 
to the most ‘AD-like’ subtype, thus enriching the other 
subtypes for 4RT pathology. PSP pathology was still strongly 
assigned to the Subcortical subtype (83.3% of cases), 
though 75% of CBD cases were now assigned to the new 
Fronto-parietal subtype. Neither CBS or PSP pathology were 
assigned to the Parieto-occipital subtype, which had a very 
similar sequence of atrophy to the Fronto-parieto-occipital 
subtype from the two-subtype model. A total of 68% of 
Alzheimer’s disease pathology was assigned to this 
Parieto-occipital subtype, with 23% assigned to the new 
Fronto-parietal subtype. The sequence of atrophy on the 
Fronto-parietal subtype demonstrates earliest involvement of 
the posterior frontal cortex and the basal ganglia with early in
volvement of the parietal and insula, which is consistent with 
imaging in autopsy confirmed CBD cases.5,14,15 Interestingly 
this subtype also showed later involvement of the temporal 
cortex compared to the Parieto-occipital subtype, another fea
ture that has been shown to differentiate CBS-CBD from 
CBS-AD.15 In keeping with the Parieto-occipital subtype being 
more strongly associated with Alzheimer’s disease pathology, 
analysis of regional volumes at baseline demonstrated that 
the hippocampal and temporal (as well as parietal and 
occipital) regions were more atrophic compared to the 
Fronto-parietal subtype at presentation. Further support for 
this is that the MMSE was significantly lower in the 
Parieto-occipital subtype (20.1, SD  8.8, t = −2.3, Bonferroni 
corrected P = 0.02) compared to the other subtypes (23.9 
SD  4.6, 25.3 SD  4.9 for the Subcortical and Fronto-parietal 
subtypes, respectively).

When comparing clinical scores between subtypes, there 
was minimal difference; in the two-subtype model only the 
Gait and midline PSP rating scale sub-score was different 
(lower in the Subcortical subtype), whilst as mentioned 
above only the MMSE showed a difference between subtypes 
in the three-subtype model (lowest in the Parieto-occipital 
subtype). This is consistent with the lack of clinical difference 
between the different pathology groups at baseline in our 
data, and in previous studies comparing CBD with 
CBS-AD8,14 and other CBS related pathologies.15 The lack 
of difference in UPDRS-III scores between different subtypes 
is at first glance perhaps counter-intuitive given that in the 
Subcortical subtype the basal ganglia and brainstem are af
fected earlier than in the other subtypes. However, this find
ing is at least consistent with the few studies that have 
compared UPDRS-III between different CBS pathology 
groups (Whitwell 2010, Joseph 2018, Street 2023), where 
no statistical difference was found. The association of these 
pathologies with different imaging subtypes that have differ
ent spatiotemporal patterns of atrophy (as identified by the 
model) could, at least in theory give rise to phenotypic 
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differences. The lack of distinctive clinical features according 
to underlying pathologies in CBS could previously have been 
attributed to similar spatial patterns of underlying pathology 
(whatever that pathology may be). However, as shown by 
Figs 1 and 2, the pathologies are associated with different 
SuStain subtypes and these subtypes represent different dis
tributions of spatiotemporal disease burden. The lack of clin
ical differences might therefore reflect insufficient power, 
asymmetry of disease, or insensitivity of the current clinical 
ratings scales to the discriminating features.

Overall, the trained SuStaIn models showed strong sub
typing and staging capabilities. In the two-subtype model, 
assignments were longitudinally consistent at 101 out of 
103 (98%) of follow-up visits. The two individuals who 
changed from the Fronto-parietal-occipital subtype to 
Subcortical at follow-up were only weakly assigned at base
line (0.43 and 0.58). From a staging perspective, individuals 
consistently moved to higher stages over time in both sub
types, with no cases dropping to a lower stage at follow-up 
scan. As expected, in the three-subtype model, the subtypes 
were slightly less stable, which likely reflects the increased 
uncertainty in assignment due to lower sample sizes in each 
cohort.

Although this study provides preliminary evidence for mul
tiple underlying imaging subtypes of CBS, there are important 
limitations that must be taken into account when interpreting 
our results. Although we built a large imaging cohort from the 
perspective of CBS (135 cases with 113 follow-up visits), this 
is still small for a SuStaIn analysis. We decided to combine re
gions from the right and left hemispheres to try and reduce the 
number of features included in the model and so maximize 
power to detect subtypes with the available sample size. It is 
known that CBS-CBD, in particular, is characterized by asym
metric atrophy, at least later in the disease course,15,43 al
though this is not universal, and a lack of asymmetry does 
not exclude a diagnosis of underlying CBD pathology.44 By 
combining the right and left cortical regions we are likely to 
have reduced the sensitivity for detecting a ‘CBD’ like subtype 
in particular, as the effect size for a given region affected by 
CBD pathology would be diluted by the less severe atrophy 
in the contralateral hemisphere.

Although classifying CBS cases with positive ante-mortem 
Alzheimer’s disease biomarkers as CBS-AD is an established 
approach,28,45 the gold standard is to confirm Alzheimer’s 
disease pathology (and the absence of co-pathologies) at 
post-mortem. Due to the small number of pathology con
firmed CBS-AD cases in our cohort (n = 4), we decided to en
rich for CBS-AD by using available Alzheimer’s disease 
biomarkers from the PROSPECT and 4RTNI cohorts. 
However, by using Alzheimer’s disease biomarkers to clas
sify these cases, we cannot be sure that there are not addition
al co-pathologies present. Indeed, a study from the Mayo 
Clinic brainbank reported that 6% of their CBD cases and 
10% of PSP cases also met the criteria of a neuropathological 
diagnosis of Alzheimer’s disease,44 with between 86 and 
89% having at least minimal Alzheimer’s disease neuro
pathological change. The presence of co-pathologies in 

some of our CBS-AD cases is a possible explanation for 
why over 30% of these cases were assigned to other subtypes 
than the Fronto-parieto-occipital subtype in the 3-subtype 
model. A related, but separate issue is the lack of pathology 
or amyloid biomarker data for 74 of the cases (categorized as 
CBS-IDT). Although the focus of this study was to identify 
CBS imaging subtypes and stages a priori, we wanted to 
test post hoc the assignment of the different pathologies to 
the these identified subtypes to test the hypothesis that joint 
modelling of disease stage and subtype would provide add
itional information on underlying pathology. The difficulty 
of interpreting these results is compounded by the fact that 
we had no data on TDP-43 pathology, which is known to ac
count for ∼15% of cases of CBS.44 It is an interesting obser
vation that of the 12 cases that were normal appearing at 
baseline, nine were CBS-IDT. One might speculate that given 
all of the cases with known 4RT pathology were subtypable 
that these un-subtypable cases could have a different under
lying pathology such as TDP-43, or indeed multiple co- 
pathologies. A good test of the pathology association with 
subtype will be testing whether those that come to post- 
mortem in the future match the expected pathology based 
on their subtype assignment.

In conclusion, in this study we provide preliminary data- 
driven evidence for the existence of at least two distinct 
and longitudinally stable spatiotemporal subtypes of atro
phy in clinically diagnosed CBS, by jointly modelling disease 
stage and subtype using cross-sectional structural MRI. 
Underlying CBS pathology is differentially associated with 
these subtypes giving insights into the relationship between 
pathology and the topographical distribution of atrophy. 
In addition, our model provides an intrinsic staging and sub
typing mechanism by which individual patients can be more 
accurately stratified according to disease stage within each 
subtype. In the absence of sensitive and specific biomarkers 
for the range of different pathologies in CBS, being able to 
accurately subtype and stage CBS patients at baseline has im
portant implications for screening patients on entry into clin
ical trials, as well as for tracking disease progression.

Supplementary material
Supplementary material is available at Brain Communications 
online.
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