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Four distinct trajectories of tau deposition

identified in Alzheimer’s disease

Jacob W. Vogell’, Alexandra L. Youngz, Neil P. 0xtoby3’4, Ruben SmithS’G, Rik Ossenkoppele5’7, Olof T. Strandbergs, Re-

3,

. . 10,11 . .1 . A . .
naud La Jmes, Leon M. Aksman 9, Michel J Grothe 0 , Yasser Iturria-Medina™, the Alzheimer’s Disease Neuroimaging

8,

T 12 . 12 . .. .81 . 4
Initiative , Michael J. Pontecorvo™ ~, Michael D. Devous ™, Gil D. Rabinovici 3, Daniel C. Alexander3 , Chul Hyoung

Lyool4, Alan C. Evansl, and

5,15
Oskar Hansson

1 Montreal Neurological Institute, McGill University, Montréal, QC, Canada
2Department of Neuroimaging, Institute of Psychiatry, Psychology and Neuroscience, King’s College London, London, UK.

3 Centre for Medical Image Computing, University College London, London, WC1E 6BT, UK
4 Department of Computer Science, University College London, London, WC1E 6BT, UK
5 Clinical Memory Research Unit, Lund University, Lund, Sweden
6 Department of Neurology, Skane University Hospital, Lund, Sweden
7 Alzheimer Center Amsterdam, Department of Neurology, Amsterdam Neuroscience, Vrije Universiteit Amsterdam, Amsterdam UMC, Amsterdam, The
Netherlands
8 Memory and Aging Center, Department of Neurology, Weill Institute for Neurosciences, University of California, San Francisco, San Francisco, CA
9 Department of Medical Physics and Biomedical Engineering, University College London, London, WC1E 6BT, UK
10 Wallenberg Centre for Molecular and Translational Medicine, University of Gothenburg, Gothenburg, Sweden
11 Instituto de Biomedicina de Sevilla, Hospital Universitario Virgen del Rocio/CSIC/Universidad de Sevilla, Seville, Spain
12 Avid Radiopharmaceuticals, Philadelphia, PA, USA
13 Department of Radiology and Biomedical Imaging; University of California, San Francisco, San Francisco, CA
14 Departments of Neurology, Gangnam Severance Hospital, Yonsei University College of Medicine, Seoul, Republic of Korea
15 Memory Clinic, Skane University Hospital, Malmo, Sweden

* Data used in preparation of this article were obtained from the Alzheimer’s Disease Neuroimaging Initiative (ADNI) database (adni.loni.usc.edu). As such, the

investigators within the ADNI contributed to the design and implementation of ADNI and/or provided data but did not participate in analysis or writing of this
report. A complete listing of ADNI investigators can be found at: :https://adni.loni.usc.edu/wp-content/uploads/how_to_apply/ADNI_Acknowledgement_List.pdf

Abstract: Alzheimer’s disease (AD) is characterized by spread of tau pathology throughout the cerebral cortex. The

spreading pattern was thought to be fairly consistent across individuals, though recent work has demonstrated sub-
stantial variability in the AD population. Using tau-PET scans from 1612 individuals, we identified four distinct spatio-
temporal trajectories of tau pathology, ranging in prevalence from 18 to 33%. We replicated previously described
limbic-predominant and medial temporal lobe-sparing patterns, while also discovering posterior and lateral temporal
patterns resembling atypical clinical variants of AD. These "subtypes" were stable during longitudinal follow-up, and
were replicated in a separate sample using a different radiotracer. The subtypes presented with distinct demographic
and cognitive profiles, and differing longitudinal outcomes. Additionally, network diffusion models implicated that
pathology originates and spreads through distinct corticolimbic networks in the different subtypes. Together, our
results suggest variation in tau pathology is common and systematic, perhaps warranting a re-examination of the
notion of "typical AD", and a revisiting of tau pathological staging.

Correspondence: jacob.vogel@mail.mcgill.ca; oskar.hansson@med.lu.se

Introduction
Alzheimer’s disease (AD) is the leading cause of dementia worldwide and prevalence is expected to dou-

ble in the next twenty years'. At autopsy, AD presents with diffuse extracellular and neuritic amyloid-B
(AB) plaques, and intracellular neurofibrillary tangles and neuropil threads of hyperphosphorylated tau,
along with extensive neurodegenerationz’a. Leading hypotheses have postulated these two hallmark pro-
teins, AB and tau, either alone or in combination, are causative agents in disease etiology and progres-
sion””. Cortical tau colocalizes with cortical atrophy and predicts future neurodegenerationG, while the
appearance of tau in specific cognitive networks leads to domain-specific cognitive impairments7. Recent-
ly, the focus of treatment discovery has shifted to tau, and numerous therapeutic interventions are cur-
rently undergoing research and development. A better understanding of tau pathophysiology is therefore
of imminent need in order to aid development of these interventions.
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Tau tangles are thought to exhibit a stereotypical pattern of cortical spread, which has been formal-
ized into the Braak staging systemg'g. The six Braak stages describe the first appearance of cortical tau
tangles in the transentorhinal cortex, subsequent spread throughout the medial and basal temporal lobes,
then into neocortical associative regions, and finally into the unimodal sensory and motor cortex’. While
this stereotyped progression was derived from histopathological staining at autopsy, tau can now be
measured in vivo in the human brain using positron emission tomography (PET). Early tau-PET imaging
studies described average spatial patterns that have mostly converged with the Braak staging system™**".

However, many examples have emerged of individual tau patterns that do not fit neatly into the
Braak staging system. A medial temporal lobe (MTL)-sparing phenotype with extensive cortical tau burden
but limited MTL burden has been described, as well as a limbic-predominant phenotype with most promi-
nent tau pathology in limbic and medial temporal cortex, which were found to be associated with specific
patient profiles'>™. In addition, clinical variants of AD have been described that exhibit specific patterns
of pathology that deviate from the Braak staging scheme™, e.g., posterior cortical atrophy (PCA) 1 logo-
penic primary progressive aphasia (IvPPA)17, and others™. These latter clinical variants of AD are relatively
uncommon and most frequently associated with early-onset AD, but represent another example of atypi-
cal tau patterning.

Taken together, the examples above suggest that, while the Braak staging system appears to be a
good description of tau spreading at the population level, it does not account for systematic variability at
the individual level. Variation in tau patterning may be indicative of distinct underlying neurobiology 19’20,
which may affect treatment response. Different subtypes may also have distinct rates and profiles of cog-
nitive decline >, potentially affecting clinical trials. For these reasons, a systematic description of varia-
tion in AD pathological spread is needed. Previous studies have provided invaluable information toward
this effort "% put carry certain limitations. Pathology studies, for example, are limited by spatial
sampling and semi-quantitation. Neuroimaging studies overcome some of those limitations, but often use
non-specific measurements, and rely on methods designed to parse spatial rather than spatiotemporal
variation.

Here we present a systematic characterization of heterogeneity in tau patterning in AD. We
amassed the largest and most diverse sample of tau-PET data to date (n=2324), covering the full clinical
spectrum from asymptomatic through mild cognitive impairment (MCI) to AD dementia, allowing unprec-
edented power to detect and characterize AD subtypes. We fit this data using the Subtype and Stage In-
ference (SuStaln) model, a paradigm-shifting algorithm that combines disease progression modeling with
traditional clustering to achieve probabilistic spatiotemporal partitioning and classification®. SuStaln re-
quires only cross-sectional datasets to automatically detect multiple spatiotemporal trajectories, and it
provides probabilistic and quantitative information for individualized inference. We apply SuStaln to our
multi-cohort sample of tau-PET data to discover systematic spatiotemporal variation in tau spreading. We
validate the subtypes across different PET radiotracers, and we validate the progression patterns using
serial longitudinal tau-PET data.

Results

We compiled an initial sample of 1667 individuals with flortaucipir-PET tau images, spanning five separate
cohorts. 1143 individuals were identified as either cognitively normal (n=707), or showed biomarker evi-
dence for AP pathology (AB+ MCI, n=223; AB+ AD dementia, n=213), and were used as a discovery sample
for subsequent analysis. Demographic information and cross-cohort comparisons can be found in Table
S1.

Spatiotemporal subtypes of Alzheimer’s disease. We applied the SuStaln algorithm (Extended Data Fig.

S1a) to the 1143 flortaucipir-PET images in order to extract distinct spatiotemporal trajectories of tau
spreading. As expected, many individuals (n=700; 61%) did not demonstrate any abnormal tau-PET signal,
and were therefore automatically assigned to a tau-negative group (SO) (see Supplementary Note 1). Us-
ing cross-validation, we determined a four-subtype solution to best represent the remaining data (n=443;
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See Methods, Extended Data Fig. S1c-f). The four-subtype model was applied to probabilistically assign
individuals to one of 30 progressive stages along one of the four subtype trajectories (Fig 1).

The distribution of clinical diagnoses across stages and subtypes can be found in Extended Data
Fig. S2f,g,i. 145 (32.7%) individuals exhibited a limbic-predominant phenotype, with a Braak-like spatial
progression across SuStaln stages (S1: Limbic). An additional 79 individuals (17.8%) expressed a parietal-
dominant and MTL-sparing phenotype, where early precuneus binding accumulated across temporoparie-
tal and frontal cortex, but with relative sparing of the MTL (S2: MTL-Sparing). The third subtype composed
135 (30.5%) individuals with a predominant posterior occipitotemporal phenotype, involving early occipi-
tal lobe binding and gradual anterior progression across SuStaln stage (S3: Posterior). The remaining 84
(19.0%) individuals showed a temporoparietal phenotype with distinct left-sided lateralization, character-
ized by early left-temporal tau eventually spreading to parietal and frontal cortex across disease stage (S4:
Lateral [L] Temporal). The differences highlight inconsistencies between tau-PET binding and pathological
sequencing of specific brain regions found in previous studies, such as the hippocampus, lingual gyrus and
insula'®*™*’, which exhibited different binding patterns across subtypes (Extended Data Fig. S3).

Stability of AD subtypes. While variation in subtype proportion was observed (and expected) across co-
horts, all subtypes were represented across all cohorts (Extended Data Fig. S4). Most individuals fell neatly
into the stereotypical progression of each subtype (Fig 1b), allowing a clean stepwise progression across
tau abnormality events to be observed across each subtype population (Extended Data Fig. S5). 12% of
individuals did not fall cleanly into any subtype due to having either too little or too much pathology, both
of which are uninformative for subtype (Fig 1b, Extended Data Fig. S2d,h). In general, early stage and cog-
nitively normal individuals were assigned to subtypes with less confidence, though median subtype prob-
ability neared 100% by SuStaln stage 7 (Extended Data Fig. S2e), and by the MCI clinical stage (Extended
Data Fig. S2h). This provides evidence that the earliest phases of each subtype may overlap, or that they
are difficult to distinguish above measurement error. We further confirmed that the subtypes produced
by SuStaln were not driven by, or specific to, arbitrary user inputs relating to the anchoring of regional
pseudotimes (Methods, Extended Data Fig. S6).

We next assessed whether the same subtypes could be derived within a separate replication sample
of 469 individuals scanned with the RO948 tau-PET tracer. The replication cohort, BioFINDER II28, is de-
scribed in Supplementary Table S1. SuStaln was run separately on these individuals, constraining the anal-
ysis to produce four subtypes. Three of the four replication subtypes greatly resembled those derived in
the discovery sample (Fig 2). The only exception involved the S4: L Temporal subtype, which had a similar
overall tau-PET pattern but involved right-sided rather than left-sided lateralization. Further analysis de-
termined that this related to the smaller sample size rather than the differing radiotracer, and further
suggested that the S4: L Temporal subtype has a consistent overall pattern but a high propensity for
marked lateralization (see Supplemental Note 2, Extended Data Fig. S7).

Subtypes characterized by distinct clinical profiles. Next, we compared demographic, cognitive and genetic
(i.e. APOE4 status) variables between the subtypes and the tau-negative SO group (Table 1). Individuals
across all four subtypes expressed worse MMSE and worse memory scores compared to SO individuals. In
addition, all subtypes except S1 (Limbic) had worse global cognitive composite scores, individuals across
all subtypes except S2 (MTL-Sparing) were more likely to be APOE4 carriers, and all subtypes except S4 (L
Temporal) were more likely to be female, compared to SO individuals. Compared to tau-negative individu-
als in SO, S1 and S3 were older, S2 exhibited poorer executive function, S2 and S3 exhibited poorer
visuospatial function, and S4 had worse language scores.

Compared to other subtypes (i.e., other tau-positive individuals), individuals within the S1 (Limbic)
subtype were more likely to be APOE4 carriers, had less overall tau with a more right-sided pattern, and
had better overall cognition, but worse memory relative to their overall cognition. S2 (MTL Sparing) indi-
viduals were younger, less likely to carry an APOE4 allele, had more overall tau burden, had a more right-
sided tau pattern and had worse relative executive function, compared to other subtypes. S4 (L Temporal)
individuals had more overall tau with a more left-lateralized pattern. These individuals also trended at
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having worse overall cognition, but had better relative memory and worse relative language scores com-
pared to other subtypes. Finally, individuals with the S3 (Posterior) subtype did not exhibit any significant
cognitive, demographic or APOE4 differences compared to the other subtypes. These relationships (after
adjustment for demographics, diagnosis, cohort and SuStaln stage) are described in Table 1 and visualized
in Extended Data Fig. S8.

Each individual was assigned a stage along their respective subtype trajectory. As expected, increas-
ing SuStaln stage was associated with worse global cognition as measured with MMSE (r=0.54, p<0.0001;
Fig 3a). This relationship was consistent across all subtypes (S1: r=-0.51, S2: r=-0.53,S3: r=-0.64, S4: r =
-0.40, all p<0.001). A strong negative relationship between SuStaln stage and age was also observed, such
that individuals at later SuStaln stages tended to be younger (r = -0.59, p<0.0001). This relationship was
again consistent across all subtypes, though less prominent for S1 (S1: r =0.20, S2: r =-0.68, S3: r = -0.64,
S4:r =-0.73, all p<0.05; Fig 3b). This inverse relationship was also present among individuals both 65 and
younger (n = 100, r = -0.43, p <0.0001) and individuals older than 65 (n = 342, r =-0.28, p < 0.0001), sug-
gesting the effect is not driven purely by early onset cases. Lateralization also increased with increasing
SuStaln stage (Extended Data Fig. S9). However, despite trends in lateralization at higher SuStaln stage,
many individuals were observed with a “reversed” lateralization compared to the group average tau lat-
eralization patterns for their subtype (Extended Data Fig. S9), suggesting lateralization to be at least par-
tially orthogonal with subtype.

Cognitive prognosis of AD subtypes. Longitudinal MMSE data was available for a subset of 697 individuals
(mean follow-up = 1.74 years from PET scan, sd = 0.64). Individuals with the S3 (Posterior) subtype had
significantly slower decline compared to all other subtypes independently (S1: t=2.03, p=0.043; S2: t=2.88,
p=0.004; S4: t=4.83, p<0.0001), as well as in a one vs all analysis (t=3.64,p=0.0003; Fig 3c). This finding
persisted across different clinical diagnoses (Fig 3d, Supplemental Table S2), and was confirmed through a
meta-analysis across the five cohorts, which also showed a significantly slower decline for the S3 (Posteri-
or) group (t=1.67,p=0.047; Fig 3e). Individuals with the S4 (L Temporal) subtype additionally showed
steeper cognitive decline compared to S1 (Limbic) subtype individuals (t=3.40, p=0.0008), and generally
showed faster decline compared to other subtypes in a one vs all analysis (t=-4.49,p<0.0001) and across
clinical diagnoses (Fig 3d, Supplementary Table S2). A meta-analysis once again confirmed a significant
overall effect (t=1.88,p=0.031; Fig 3e).

Stability and progression of AD subtypes over time. SuStaln uses cross-sectional data to infer longitudinal
trajectories for the tau data, so evaluating how well longitudinal data fits the model is a key aspect of val-
idation. 519 individuals from the discovery sample also had follow-up flortaucipir-PET scans (mean follow-
up time = 1.42, sd = 0.58, years). Overall, 88.5% of individuals exhibited the same subtype at both baseline
and follow-up, or progressed from SO into a subtype (Fig 3f). Stability when excluding individuals classified
as SO at baseline (tau-positive stability) and follow-up was 83.9%. Stable individuals were classified with a
higher degree of confidence at baseline compared to individuals whose subtype changed at follow-up
(stable mean =0.91, sd = 0.17; change mean =0.74, sd =0.27; t = 5.26, p < 0.0001; Fig 3g). Supplementary
Table S3 shows longitudinal tau-positive stability (i.e. excluding SO) when excluding individuals using vari-
ous subtype probability thresholds.

We next examined how SuStaln stage changed over time for each subtype. Across the whole sample,
we observed significant yearly increase in SuStaln stage (mean A/year = 0.8, t[148]=6.54, p<0.0001) (Fig
3h, Table S4), and a significant difference in mean annual rate of SuStaln stage change was seen across
subtypes (details in Supplementary Note 3). The annual SuStaln stage increased faster in S4 (L Temporal)
compared to S2 (MTL-Sparing) and S3 (Posterior) subtypes (Fig 3h, Supplementary Note 3). Younger age
(r=-0.22, p=0.006), but not higher baseline SuStaln stage (r = 0.12, p=0.15), was associated with faster
annual change in stage. As a final validation, we used SuStaln to forecast longitudinal rate of regional tau-
PET change at the individual level. On average, predictions were significantly better than chance for all
subtypes (S1 (Limbic): t[78]=5.00, p<0.0001; S2 (MTL-Sparing): t[52]=2.16, p=0.035; S3 (Posterior):
t[45]=3.05, p=0.0039; S4 (L Temporal): t[29]=4.93, p<0.0001; Fig 3i).



203
204
205
206
207
208
209
210
211
212
213
214
215
216
217
218
219
220
221

222
223
224
225
226
227
228
229
230
231
232
233
234
235
236
237
238
239
240
241
242
243
244
245
246
247
248
249
250
251
252

Subtype patterns resemble distinct cortico-limbic networks. Based on our previous workzg, we used net-
work diffusion models to examine the possibility that the observed subtype-specific tau spreading pat-
terns may be driven by spread through distinct networks. We found that an entorhinal cortex epicenter
was optimal for the S1 (Limbic) subtype tau pattern and strongly replicated the pattern of tau spreading
(r=0.70), but did not reproduce other subtype patterns nearly as well (S2: r’=0.04; S3: r’=0.41; S4:
r’=0.37). Models using different epicenters substantially improved fit for these others subtypes (Fig
4a,b,e): best fitting models used the middle temporal gyrus (r’=0.27) for S2 (MTL-Sparing), the fusiform
gyrus (r2=0.59) for S3 (Posterior) and the inferior temporal gyrus (r2=0.50) for S4 (L Temporal) (Fig 4c),
suggesting a possible predominance of these regions in secondary tau seeding for different subtypes.
Highly similar results were found using a different brain atlas and different connectivity data (Extended
Data Fig. S10). We further tracked how the best-fitting epicenter changed at higher disease stages, per-
haps reflecting participation of different regions as secondary seeding points with advancing disease pro-
gression (Fig 4d). All but the S2 (MTL-Sparing)_subtype exhibited MTL spreading in earlier stages, whereas
early stages of S2 involved parietal spread. Later stages involved secondary seeding in the temporal lobes,
as well as subtype-specific regions. Together, these results suggest that distinct tau patterns across differ-
ent subtypes may be driven in part by vulnerability of, or selective spread through, distinct temporal lobe
networks.

Discussion

For the last thirty years, the progression of tau pathology in AD has principally been described by a single
model of spatiotemporal evolution®?, despite frequent examples of nonconforming cases'”. We show that
the cortical cascade of tau pathology is better described by a data-driven model including multiple spatio-
temporal patterns (Fig. 5). Importantly, our findings may reconcile atypical AD variants with common vari-
ations of typical AD into a single unified model of pathological progression. First, the model reaffirms the
existence of observed cortical-predominant and limbic-predominant pathological patterns as distinct sub-
types of tau progression, rather than phases along a continuum. In addition, the model also accounts for
the most frequently occurring atypical clinical variants of AD, PCA and IVvPPA, as the extremes of regularly
occurring posterior and lateral-temporal AD subtypes. Together, our data align with a recent model™ to
suggest variation in the pathological expression of AD along two orthogonal axes: subtype and severity,
the latter of which is strongly and inversely correlated with age (Fig 5). Given that no dominant pattern
emerged, our data suggest the existence of multiple common AD subtypes, challenging the notion that
there is such a pathological entity that can be described as "typical" AD. Rather, the spatial pattern of tau
spreading appears to vary along at least four archetypes, depending on factors such as age and genotype.
Therefore, we propose heterogeneity in AD is best represented as a quadrilateral axis (Fig 5).

Our results are robust across datasets and radiotracers. We found individuals representing each
of four subtype patterns in each of the five contributing cohorts, and we reproduced a very similar set of
subtypes in a totally separate sample using a different radiotracer. Further, most individuals were confi-
dently assigned into one subtype pattern, which was consistent over time. The limbic subtype was the
most frequent, and presented with many characteristics typically associated with AD, including a greater
proportion of APOE4 carriers, a strongly amnestic phenotype, and medial temporal pathology with a
Braak-like progression of tau spread. However, this subtype represented only a third of all tau-positive
cases in our dataset (though the earliest stages of three of the four subtypes featured prominent MTL
binding, Fig 4d). Our data suggest instead that, at older onset ages or earlier disease stages, the subtypes
may present with subtle differences that may be difficult to detect in the clinic, while at younger onset
ages or later stages, the more aggressive phenotype can amplify the distinct subtype expressions. The
existence of these phenotypes, if further validated, may necessitate a reform in pathological tau staging,
where key regions are surveyed to increase sensitivity to detect subtype-specific patterns.

Many pioneering studies have noted variation in AD pathology. For example, limbic-predominant
and MTL-sparing phenotypes are contrasted against "typical" phenotypes that express tau pathology in
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both the MTL and neocortex'*™>. In contrast to this notion, we found a subtype of individuals expressing

both cortical and MTL tau exhibiting a more aggressive phenotype with marked lateralization, the latter
being a feature that has not been well characterized in histopathological studies of AD, which typically
assess only one hemisphere. In addition, our model allows the concurrence of MTL and cortical pathology
at later stages of several distinct progressions, perhaps suggesting that solely contrasting cortical and MTL
tau (e.g. 21,22 may not be sufficient to describe AD heterogeneity. Indeed, while some spatial convergence
could be observed in our AD subtypes, particularly at early or late stages, subtle regional variation con-
sistently distinguishes individuals of one subtype from another.

We reproduce previous reports describing a strong negative correlation between age and tau pro-
gression3°_34, as well as previous reports that a younger age of onset of AD is associated with a more rapid
progression of tau pathologyss'%. Interestingly, in our study, this phenomenon was observable across all
subtypes (Fig 3b). Previous work has noted that early-onset AD (EOAD) is more likely to present with an
atypical (i.e. nonamnestic) phenotype37. This may be a specific characteristic of EOAD. However, ours and
others studies”®*** suggest that posterior or left-lateralized temporal binding are not uncommon across
the age spectrum, but our data suggest that the phenotype is more pronounced at earlier ages. There-
fore, atypical variants of AD may represent an accelerated and intensified manifestation of common AD
subtypes, though this will require further validation.

Our findings complement other supervised and unsupervised AD subtyping studies from the imaging
and pathology literature™*****>*** though our analysis also produced some novel findings worth fur-
ther investigation. Despite the extreme of the posterior subtype being represented by PCA, an aggressive
disease variant, the posterior subtype overall demonstrated slower cognitive decline compared to all oth-
er subtypes. These individuals exhibited considerable tau pathology in posterior (including occipital) brain
regions, but also relatively less MTL and frontal binding. These findings, however, are in agreement with
pathology literature describing common variation in occipital tau pathology in both preclinical and symp-
tomatic AD ***** These studies, variously surveying Brodmann areas 17, 18 and 19, find evidence for oc-
cipital lobe tau in 24-52% of sampled brains, including in cognitively normal individuals. Our study sug-
gests this population variation may indeed be systematic, and could be associated with a specific progres-
sion pattern. However, tau in the occipital lobe remains understudied, and future studies will be neces-
sary to validate the precise characteristics of this posterior subtype. It is still unclear if the posterior sub-
type is related to PCA beyond a shared predominance of posterior tau, though it may at least signify the
existence of a posterior cortical network selectively vulnerable to tau pathology.

Different manifestations of AD may represent subtle variations in the spread of pathology, or could
signal the influence of highly distinct processes relevant to treatment intervention. For example, a recent
pathology study found increased NFT pathology and neuronal loss in the cholinergic basal forebrain spe-
cifically in patients with a MTL-sparing phenotype, and that earlier disease onset was associated with
more NFT pathology in these subjects43. Furthermore, another recent study indicated that a targeted ba-
sal forebrain treatment could be most effective for patients with a MTL-sparing phenotype**. This re-
search may suggest a unique role of the basal forebrain in certain subtypes of AD. Meanwhile, APOE has
been consistently associated with limbic manifestations of AD12’34, including the present study, and APOE
or hippocampus-focused therapies could prove more effective for these individuals. Together, these re-
sults point to the possibility that clinical trials may benefit from stratification or enrichment based on AD
subtype, or as a first step, post-hoc identification of within-subtype effects.

There are currently very few explanations as to why subtypes of AD manifest. Fascinating work has
found PCA and IvPPA patients are more likely to exhibit learning disabilities in childhood*>*®, perhaps me-
diated by abnormalities during brain development®’. While IvPPA and PCA may represent extremes along
the AD continua (as indicated by the present results), this points to the possibility that distinct subtypes
may be influenced by variation in cognitive development or other premorbid factors. Another possible
explanation for subtypes is interactions between post-translational tau modification and synaptic tau
spreading. Several studies have shown that the regional pattern of pathological tau expression in mice is
dependent on conformation and injection site of tau seeds®™*®* It is therefore possible that subtypes of
tau spread may simply be dictated by distinct tau conformations and/or systematic variation in the human



304 connectome, perhaps at key synaptic junctures. Supporting the latter hypothesis, we found the tau-PET
305 pattern of AD subtypes resembled macroscale neuronal networks seeded from different brain regions.
306 These findings do not presuppose tau pathology necessarily starts in different regions, but instead that
307 different regions may play a more prominent role in tau propagation across subtypes as "amplifying

308 nodes". This could be mediated by involvement of distinct neuronal cell subtypes™, which may incur dis-
309 rupted development due to environmental or genetic factors, leading to network abnormality during life
310  and network vulnerability in late life.

311 This study has a number of limitations. The SuStaln method fits data based on the assumption that
312 several discrete sequences are represented within the data, and it uses cross-sectional information to
313 create pseudo-longitudinal sequences. This framework is based off of the same logic as most pathological
314 staging schema (e.g. ) and hypotheses of biomarker trajectories (e.g. °), but does so in an automated
315 fashion. It is therefore possible that a SuStaln subtype trajectory could be created by "appending" or
316 "stitching" unrelated disease states together. However, we did find most individuals to remain the same
317 subtype at longitudinal follow up, and we could predict regional individual tau accumulation greater than
318 chance using just the SuStaln model. While the use of tau-PET imaging is a great improvement over using
319 MRI to measure AD pathology, there is still some discrepancy between tau-PET signal and true tau pa-
320 thology>". While flortaucipir binds to paired-helical filament tau, off-target binding is an issue with flor-
321 taucipir, particularly in the striatum, white matter and choroid pIexussZ. We mitigated this issue by regres-
322 sion of choroid plexus signal, exclusion of subcortical ROls and non-AD dementia patients, and region-
323  specific normalization against non-specific binding, as well as replication with R0O948 which exhibits less

324 off-target binding™. Similarly, recent reports question whether elevated flortaucipir binding is detectable

54-56 3 . . .
. However, SuStaln’s modeling is based on relative re-
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325  before advanced stages of tau accumulation

326 gional differences in pathology, and regional variation in tau-PET and tau pathology are correlated
327 Still, while the unbiased spatial sampling of tau-PET data across the brain aided our discovery of these

328 subtype patterns, they must still be validated using histopathology studies. Sample size was an obvious

329 strength of our study, but it comes with the caveat of mixing data from multiple cohorts, scanners, and

330 cognitive batteries. We addressed this issue somewhat by examining subtypes in each cohort separately,

331 replicating our results in a separate sample and adjusting for cohort in our comparisons. In addition, de-

332 spite our study boasting the largest tau-PET sample to date, even larger samples would be preferable in

333 order to elucidate the spatiotemporal progression of each subtype in more detail. We arrived at a four-

334 subtype solution to describe our data using established statistical methodology to identify a solution the

335 data supports with confidence. However, this does not preclude the possibility that other, more subtly

336  disctinct subtypes exist (Extended Data Fig. S1f).

337 In conclusion, we describe four distinct but stable spatiotemporal phenotypes of tau accumulation

338 in AD. These subtypes exhibit differing clinical profiles and longitudinal outcomes, and their tau patterns

339 resemble distinct temporal lobe networks. Our data-driven results call into question whether "typical AD"

340 is a quantifiable entity, rather suggesting that several AD subtypes exist, and that their individual differ-

341 ences are exacerbated by more aggressive phenotypes with younger onset ages. Future studies should

342 seek to validate the existence and temporal evolution of these subtypes, as well as identify genetic, cellu-

343 lar and developmental factors that may influence their expression. This may include identifying differ-

344 ences in brain activity and connectivity between individuals, as well as differences in regional vulnerabil-

345 ity. This framework may also be useful for enrichment of clinical trials, for providing more individualized

346 clinical care, and eventually for more individualized treatment.
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Figure Legends

Figure 1

Spatiotemporal subtypes of tau progression. A) Tau-PET pattern of tau-positive (subtyped) individuals. B) Quarter-
nary plot showing probability each individual is classified as each subtype. Dots are labeled by final subtype classi-
fication: S1 (blue), S2 (green), S3 (orange) or S4 (pink). Inset box shows individuals that had a probability < 0.5 to
be classified as any of the four subtypes (i.e. showing poor fit). C) Average tau-PET pattern for each subtype. The
colorbar is the same as Panel A. D) Regions showing significant difference between one subtype and all other sub-
types using OLS linear models adjusting for SuStaln stage, after FDR correction. E) Progression of each subtype
through SuStaln stages. Each image is a mean of individuals classified at the listed stage and up to four stages low-
er. Only the left hemisphere is shown.

Figure 2

Subtype stability: AD spatiotemporal subtypes replicate in another cohort using a different PET tracer. A) For both
the discovery (Orig) and replication (Repl) cohorts, maps showing regions significantly different between one sub-
type and all others (excluding SO) within the cohort (after FDR correction). Similar spatial patterns were observed,
except for a reversed pattern in S4. B) Confusion matrix comparing subtypes identified in the original (discovery)
sample (y-axis), and subtypes separately identified in the replication sample (x-axis). Values represent spatial cor-
relation between average regional tau for each subtype. Values along the diagonal indicates similarity between the
same subtype across both cohorts.

Figure 3

Progression of AD subtypes. Increasing SuStaln stage is associated with lower age a) and worse cognition b) across
all subtypes. c) Rate of longitudinal decline in MMSE for each subtype. The x-axis was jittered for visualization pur-
poses only. The y-axis shows MMSE across all observations as predicted by linear mixed models adjusted for co-
variates. d) Boxplots showing the distribution of predicted MMSE slopes for each subtype, stratified by clinical di-
agnosis (stats in Supplementary Table S2). e) Cross-cohort meta-analysis for the effects of S4: L Temporal declining
faster (left) and S3: Posterior declining slower (right) than other subtypes, respectively. Diamonds represent effect
sizes, while diamond size reflects relative sample size. Red diamonds indicate significant effects. Error bars = SEM.
f) Confusion matrix showing longitudinal stability of subtypes. Each row shows the number of subjects from a given
subtype at Visit 1 that were classified as each subtype at Visit 2. The diagonal represents the number of subjects
that were classified as the same subtype at Visit 1 and Visit 2. g) Individuals with a higher probability of being clas-
sified into their subtype at baseline were more likely to show a stable subtype over time (two-sided
t[156,53]=5.26, p=3.6e-07). h) Annual change in SuStaln stage for each subtype, in individuals with stable subtypes
over time (stats in Supplementary Note 3). i) SuStaln was used to predict longitudinal change in regional tau accu-
mulation. Each dot represents a subject, and the y-axis represents the spatial correlation between the true region-
al tau change and the predicted regional tau change. Average predictions were significantly greater than chance
based on a two-tided, one-sample t-test against 0 (S1: t[78]=5.00,p=3.5e-06; S2: t[52]=2.16,p=0.035; S3:
t[45]=3.05,p=0.0039; S4: t[29]=4.93,p=3.1e-05) . *p(unc.)<0.05, *** p(unc.)<0.001. Error bars in a-c represent 95%
Cl of model fit across 1000 bootstrap samples. For boxplots in d, g-i, center line=median, box=inner quartiles,
whiskers=extent of data distribution except *=outliers

Figure 4

Application of epidemic spreading model to determine subtype-specific corticolimbic circuit vulnerability. An epi-
demic spreading model was fit separately for each subtype; once using an entorhinal cortex epicenter (a, blue),
and once with a subtype-specific best-fitting epicenter (b, red). For each plot, each dot represents a region. The x-
axis represents the mean simulated tau-positive probabilities across the population, while the y-axis represents the
mean observed tau-positive probability. Each row represents a subtype. Error bars in a-c represent 95% Cl of mod-
el fit across 1000 bootstrap samples. c) For each subtype, the probability that each region is the best fitting epicen-
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ter for that subtype, based on bootstrap resampling. d) For each subtype, the proportion of individuals at various
stages that had best-fitting epicenters within each of five major brain divisions: medial temporal lobe (MTL, blue),
temporal lobe (yellow), parietal lobe (purple), occipital lobe (gray) and frontal lobe (turquoise). e) For each subype,
spatial representation of ESM results from panel B using best-fitting epicenter. From left to right, observed region-
al tau-PET probabilities (tau-P), regional connectivity to best-fitting epicenter (Cx), tau-PET probabilities predicted
by the ESM. These images show the degree to which constrained diffusion of signal through a connectome (Pred.),
starting in a given epicenter and its associated fiber network (Cx.), recapitulates the tau patterns of each subtype
(Obs.).

Figure 5

A theoretical model summarizing variation in the spread of tau pathology in AD. Tau pathology varies along an axis
of severity (vertical in the diagram), which is inversely associated with onset age. In addition, tau varies along a
spatiotempral dimension (horizontal plane in the diagram), such that an individual can be described by their fit
along one of at least four trajectories. Text indicates clinical characteristics of each subtypes. Emboldened text re-
flects robust differences between subtypes, while normal text reflects less-robust characteristics that differentiate
subtypes from tau-negative individuals

Table 1
S0: No Tau S1: Limbic SSZ;a“::I: S3: Posterior 54:’)';):-:'m-
n 687 137 73 131 80
Age 71.52(8.1) 75.28(7.7)# 71.34(8.3)* 75.06(7.3)#  73.41(6.9)
Prop. Female 0.49 0.70# 0.60% 0.64# 0.56

Education  15.17(2.9) 14.42(3.9) 14.29(4.0)  14.6(3.0) 14.82 (2.9)

Prop. APOE4 0.26 0.75#* 0.47* 0.63# 0.594
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Carrier

Cortical Tau
SUVR

Laterality

MMSE

Global Cogni-
tion

Abs. Memory

Abs. Lan-
guage

Abs. Execu-
tive

Abs.
Visuospatial

Rel. Memory

Rel. Lan-
guage

Rel. Execu-
tive

Rel.
Visuospatial

Table 1 Comparison of means of different variables between subtypes in the discovery sample, after correction for age (except in the case of
age), sex (except in the case of sex), education (except in the case of education), cohort, clinical diagnosis (i.e. CN, MCl, AD), and SuStaln stage

1.04 (0.1)

0.0(0.2)

28.9 (1.5)

0.36 (0.5)

0.48 (0.7)

0.22 (0.7)

0.19 (0.6)

0.19 (0.6)

0.26 (0.8)

-0.02 (0.8)

-0.14 (0.8)

0.1(0.7)

1.41 (0.1)#*

-0.28
(1.3)*#R

24.33 (3.0)#

-0.03 (0.8)*

-0.62 (0.7)#t

-0.11(0.8)

0.02 (0.9)

0.08 (1.0)

-0.61 (1.0)#*

0.05 (1.0)

0.25 (1.0)%

0.31(1.1)%

1.44 (0.1)#

-0.13
(1.6)£*R

2432 (4.2)#

-0.29 (0.8)#

-0.36 (0.7)#

0.01 (0.9)

-0.33 (0.9)#

-0.25 (1.2)#

-0.14 (1.0)

0.31 (1.2)#

-0.22 (1.0)%*
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629 (except comparisons with S0). Standard deviations are given in parentheses where relevant. All p-values were corrected for multiple compari-
630 sons.

631 MMSE = Mini-Mental State Examination; Abs. = Absolute; Rel. = Relative; Prop. = Proportion
632 * = Adj. p$<$0.05 (vs all other subtypes, not including S0)

633 T = Adj. p$<$0.1 (vs all other subtypes, not including S0)

634  #=Adj. p$<$0.05 (vs S0)

635 1 =Adj. p$<$0.1 (vs S0).

636 R = Significant right-sided laterality in this subtype compared to others

637 L = Significant left-sides laterality in this subtype compared to other subtypes.

644  Online Methods
645 Unless otherwise noted, all data analysis was conducted, and all figures were created, using Python
646 v.3.7.3, mostly using the numpy, scipy, pandas, scikit-learn, nilearn, matplotlib, seaborn and statsmodels

647 libraries.

649 Sample Characteristics. The total sample for the following analyses comprised of flortaucipir tau-PET scans
650 from 1667 individuals from five different cohorts (BioFINDER I, Seoul, AVID, UCSF, ADNI), and RO948 PET

651 scans from 657 individuals from a sixth cohort (BioFINDER I1). Information pertaining to recruitment, diag-
652  nostic criteria and AB positivity assessment for the BioFINDER | (BioF)*®, ADNI*’, AVID*?, Seoul®’, UCSF® and
653  BioFINDER Il (BF2)*® cohorts have been previously reported. Informed written consent was provided for all

654 participants or their designated caregiver, and all protocols were approved by each cohort’s respective

655 institutional ethical review board. Specifically: All BioFINDER subjects provided written informed consent
656 to participate in the study according to the Declaration of Helsinki; ethical approval was given by the Eth-
657 ics Committee of Lund University, Lund, Sweden, and all methods were carried out in accordance with the

658 approved guidelines. Approval for PET imaging was obtained from the Swedish Medicines and Products
659 Agency and the local Radiation Safety Committee at Skane University Hospital, Sweden. For UCSF, the
660 study was approved by the University of California (San Francisco and Berkeley) and Lawrence Berkeley
661 National Laboratory institutional review boards for human research. Data from the AVID sample were
662 collected in compliance with the Declaration of Helsinki and the International Conference on Harmoniza-
663 tion guideline on good clinical practice. Data collection for the Gangnam Severance hospital sample was
664 approved by the institutional review board of Gangnam Severance Hospital. Information related to partic-
665 ipant consent in ADNI can be found at (ADNI; http://adni.loni.usc.edu). Some of the data used in the

666 preparation of this article were obtained from the Alzheimer’s Disease Neuroimaging Initiative (ADNI)

667 database (adni.loni.usc.edu). The ADNI was launched in 2003 as a public-private partnership, led by Prin-
668 cipal Investigator Michael W. Weiner, MD. The primary goal of ADNI has been to test whether serial mag-
669  netic resonance imaging (MRI), positron emission tomography (PET), other biological markers, and clinical
670 and neuropsychological assessment can be combined to measure the progression of mild cognitive im-

671 pairment (MCI) and early Alzheimer’s disease (AD). For up-to-date information, see www.adni-info.org.

672 From this total sample of 1667 subjects with flortaucipir scans, a subsample was derived including i)
673 all cognitively unimpaired individuals older than 40 years; and ii) individuals who had both a diagnosis of
674 MCI or AD, and imaging or fluid evidence of brain AP pathology. All subjects with a primary diagnosis oth-
675 er than cognitively unimpaired (which included subjective cognitive decline), MCl or AD were excluded.
676 This subsample, used for all subsequent analysis, comprised 1143 individuals. The same screening proce-
677 dures were used to filter individuals from BioFINDER Il, reducing the samples size from 657 to 469. Char-
678 acteristics of all samples, including inter-cohort differences, are detailed in Table S1.

679
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Image Acquisition and Preprocessing. Tau-PET data acquisition procedures for each cohort have been pre-
viously described®?”?%3%%%>° Al tau-PET data were processed centrally in Lund by analysts blinded to de-
mographic and clinical data, in a manner previously described®. Briefly, resampling procedures were used
to harmonize image size and voxel dimension across sites. Each image underwent motion correction using

AFNI’s 3dvolreg (https: //afni.nimh.nih.gov/), and individual PET volumes were averaged within-subject.

Each subject’s mean PET image next underwent rigid coregistration to it’s respective skull-stripped native

T1 image, and images were intensity normalized using an inferior cerebellar gray reference region, result-
ing in standardized update value ratio (SUVR) images. T1 images were processed using Freesurfer v6.0

(https://surfer.nmr.mgh.harvard.edu/), resulting in native space parcellations of each subject’s brain using

the Desikan-Killiany (freesurfer) atlas. These parcellations were used to extract mean SUVR values within
different regions of interest (ROIs) for each subject in native space.

Subtype and Stage Inference. Typical efforts to perform data-driven subtyping of neuroimages in AD are
limited by the confound of disease stage. In a sample spanning the AD spectrum from healthy to dement-
ed such as ours, disease progression represents the main source of variation in MR and PET images.
Therefore, unless disease stage is somehow accounted for, most clustering algorithms will partition indi-
viduals based on their disease stage. This is not useful for parsing heterogeneous patterns related to pro-
gression subtypes, which are theoretically orthogonal to disease progression itself. The Subtype and Stage
Inference (SuStaIn)23 algorithm surmounts this limitation by combining clustering with disease progression
modeling. Detailed formalization of SuStaln has been published previously®.

SuStaln models linear transition across discrete points along a progression of indices of severity (typ-
ically z-scores), separately across different ROls (Fig. S1a). Input requires a subject x feature matrix where,
in this case, features represent mean tau-PET signal within different ROls. In addition, "severity scores",
indicating different waypoints along the natural progression of ROl severity, must be provided. Whereas
the choice of ROI constrains the spatial dimensions along which individuals may vary, the severity scores
instead constrain the temporal dimension of variation. The total number of features is therefore repre-
sented by the product of N ROIs by N ROI-specific severity scores. A balance must thus be struck between
resolution in the spatial and temporal dimensions, with respect to overall sample size.

Our discovery sample boasts scans from 1143 individuals, but even given our inclusion criteria, we
expected from previous work® that the majority of individuals (50-60%) will have minimal tau binding
(note that SuStaln will automatically detect these individuals and exclude them from progression model-
ing). We therefore expect the modeling to be performed on a sample of closer to N~450-550. We there-
fore decided on ten different ROIs (spatial features), each with three severity scores (temporal dimen-
sion), totalling 30 features. Given an arbitrary rule of 10-20 observations per feature, 300-600 observa-
tions should provide sufficient power, and our sample size should therefore be sufficient.

For the ten spatial features, we opted for left and right lobar regions of interest: parietal, frontal,
occipital, temporal and medial temporal lobe (MTL). This choice is justified as follows: i) previous imaging
and pathology subtyping studies have revealed variation in AD pathology to often occur within specific
lobes, e.g. limbic-predominant (MTL), MTL-sparing (parietal), posterior cortical atrophy (occipital), logo-
penic aphasia (temporal) and behavioral variant AD (perhaps frontal)'®; i) hemispheric laterality in AD is
understudied, perhaps due to pathological staining often occurring on single hemispheres. However,
some laterality has been observed in AD clinical variants (i.e. vPPA") and may point to differing pheno-
types in typical AD; iii) These lobar regions maintain some orthogonality to disease progression, as multi-
ple lobes are involved in Braak stages IV - VI®.

To define severity score cutoffs, we first sought to normalize SUVR values to account for regional
differences in PET signal (due to nonuniformity of off-target binding, perfusion, etc. across the brain)zg.
Two-component Gaussian mixture models were used to define, for each ROI, a normal (Gaussian-shaped
noise) and abnormal distribution. We then created tau Z-scores by normalizing all values using the mean
of the normal distribution (Extended Data Fig. S1b). This procedure centered the Z-score values on the
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normal distribution to allow for more interpretable values (i.e. 2=2 SDs from normal), and also accounted
for region-specific differences in normal and abnormal SUVR distributions. Uniform values of Z=2, 5, 10
were arbitrarily chosen as severity score control points for all ROIs (Extended Data Fig. S1)B. However,
analyses were also run with alternative z-score values, see the Replication Analysis section below.

The number of subtypes (i.e. distinct spatiotemporal progressions) was determined through cross-
validation. Separately for each k=1-7 subtypes, 10-fold cross-validation was performed where, for each
fold, SuStaln was fit to 90% of the data, and this model was used to evaluate sample likelihood for the
10% left-out subjects. For each left-out set, model fit was evaluated using the cross-validation information
criterion (CVIC; as described in 23), as well as out-of-sample log-likelihood. In addition, we used the inner-
fold SuStaln model to assign all outer-fold individuals to a subtype, and we evaluated the probability of
the maximum-likelihood subtype. In theory, a better fit model should produce more high probability as-
signments of left-out data, though more subtypes will also make assignment more challenging. k was cho-
sen by evaluating these three metrics in concert (Extended Data Fig. S1c-e). CVIC increased significantly
with increasing k, indicating better fit to the data as the number of subtypes increased, though the curve
flattened somewhat after k=4 (Extended Data Fig. S1c). Similarly, log-likelihood increased indicating better
model fit, up until k=4, after which no improvement was seen (Extended Data Fig. S1d). In contrast to the-
se fit statistics, cross-validated maximum-likelihood subtype probability decreased with increasing k, indi-
cating less-confident assignment of left-out data with more subtypes. This decline was steady, though the
median probability dropped below 0.5 after k=4. Taken together, k=4 appeared to be the best solution to
maximize model fit but minimize detriment to subtype confidence. We also noted that no subtypes after
k=4 had more than one "parent" subtype. In other words, solutions 3 and 4 feature subtypes that were
composed of multiple parent subtypes, whereas all solutions thereafter featured only subtypes that split
off from a single parent subtype. This could be indicative of a certain level of hierarchical convergence at
k=4 (Extended Data Fig. S1f).

Finally, SuStaln was run on the whole sample with the selected k=4. Note that for model fitting, SuS-
taln uses a uniform prior on disease subtype and stage (i.e. assumes all subtype and stage combinations
equally likely). Note also that the model is initialized with an expectation-maximization algorithm, and
therefore does not require a burn-in period.”® The model was fit using 10000 Markov chain Monte Carlo
(MCMOC) iterations. SuStaln calculates the probability that each individual falls into each stage of each sub-
type, and individuals are assigned to their maximum likelihood subtype and stage. Note that individuals
that do not express abnormal tau in any region are classified by SuStaln as "Stage 0", and are not assigned
to a subtype. The proportion of individuals classified into each subtype was quantified. We also stratified
this quantification by clinical diagnosis, and to cohort to assess the frequency of subtypes in each contrib-
uting dataset. Finally, we quantified the proportion of subjects that did not fall well into any subtype (no
subtype probability >50%).

Post-hoc subtype correction. Manual inspection of subtype progressions suggested that the early stages of
one subtype (S2: MTL-Sparing; see Results) were composed mostly of cognitively normal individuals with
abnormally high tau-PET binding throughout the cortex, but little-to-no tau in typical early-mid AD re-
gions, i.e. false (tau) positives. Specifically, these individuals showed elevated binding throughout the cor-
tex, including sensorimotor and frontal regions (regions where tau typically accumulates only in the latest
stages of AD®), but had low tau levels in the temporal lobes (Extended Data Fig. S1a). On an individual
basis, such individuals showed tau-PET signal that was slightly but globally elevated, with several small
"hotspots" distributed diffusely throughout frontal, parietal and occipital cortex. While it is unclear
whether this elevated binding represents off-target binding, diffuse low-level target binding, or other
methodological issues, consensus among co-authors was that these individuals were not consistent with
an AD phenotype. We used Gaussian mixture modeling across all individuals as described in * to define
the probability of abnormal tau-positivity in each of the left and right entorhinal cortex and precuneus,
respectively. We then marked individuals who had <90% probability of tau in all four regions as low-
probability tau individuals (T-). These individuals also underwent manual inspection. Next, we identified T-
individuals in the MTL-Sparing subtype, finding 40.6% of this subtype was composed of this group, and all
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were classified as stage 5 (of 31) or below. Furthermore these individuals showed many other indications
of being false (tau) positives: they had normal MMSE scores, were older, were less likely to be AR+ and
less likely to be MCl or AD (Extended Data Fig. S2b,c). We assume SuStaln appended this specific group of
T- individuals to the MTL-Sparing subtype because the individuals i) had abnormally high tau in at least
one ROl as per our calculations (even if that abnormal signal was not driven by pathology); ii) the abnor-
mal tau was located mainly in the isocortex inclusive of the parietal lobe; iii) these individuals did not have
elevated MTL binding. As SuStaln is an unsupervised algorithm, the pathological MTL-sparing phenotype
became conflated with this specific profile of T- individuals. To correct this issue, we converted all T- indi-
viduals classified as MTL-sparing to Subtype O for all further analysis.

Visualization of subtype-specific tau-PET patterns. To visualize tau-PET patterns for each subtype, we calcu-
lated the mean tau Z-score for each Desikan-Killiany (freesurfer) atlas ROI. To visualize the progression of
the subtype pattern across SuStaln stages, for each subtype, we created mean images for all individuals
falling into the following SuStaln stage bins: 2-6, 7-11, 12-16, 17-21, 22-26. To deduce regions with rela-
tively greater or less tau signal for each subtype, we created region-wise one-vs-all ordinary least squares
(OLS) linear models comparing regional tau in one subtype to all others. This analysis was performed to
visualize subtype models inferred by SuStaln using individual data, and to explore differences between
subtypes. Each model included ROI tau Z-scores as the dependent variable, a one-hot dummy variable
representing membership in the reference subtype, and SuStaln stage as a covariate. These models were
FDR-corrected for the number of comparisons (i.e. number of ROIs).

Subtype Characterization. Several demographic, cognitive and genetic variables were available for nearly
all individuals across the five cohorts in our main (discovery) cohort. These variables included clinical di-
agnosis (100%), age (99.8%), sex (100%), years of education (97.1%), mini mental state examination
(MMSE) score (97.7%) and APOE4 allele carriage (89.5%). Only the UCSF sample provided diagnoses of
clinical AD variants such as PCA™® and IvPPA". In addition, most individuals underwent extensive cohort-
specific cognitive batteries assessing multiple domains of cognition. In order to utilize this rich cognitive
data, we created cognitive domain scores separately within each cohort by taking the mean of several z-
scored tests within the following cognitive domains: memory, executive function, language and visuospa-
tial function. Supplemental Table S5 indicates which cognitive tests were used in each cognitive domain
score across each cohort. We calculated global cognition as the mean between the four domain scores.
Finally, we additionally regressed global cognition out of each domain score to create "relative" cognitive
domain scores. These scores are useful for assessing the degree of domain-specific impairment above and
beyond global impairment. The various absolute and relative domain scores were then aggregated across
all cohorts to maximize the sample size available for cognitive tests: memory (86.6%), language (81.3%),
executive function (85.5%), visuospatial function (82.0%). While aggregating scores of different composi-
tions across cohorts of different compositions presents a suboptimal solution, we rest on sample sizes and
statistical correction helping to overcome these limitations.

Subtypes were statistically compared to one another, and to tau-negative (i.e. Stage 0) individuals,
in order to determine subtype-specific characteristics. These analyses compared age, sex, education, AP-
OE4 carriage, MMSE, global cognition, total tau, and total tau asymmetry. Comparisons between subtypes
and Stage 0 individuals additionally included the four cognitive domain scores, while comparison between
subtypes instead included the four "relative" cognitive domain scores. This statistical comparison involved
three steps: 1) Comparison to tau-negative individuals: Tau-negative individuals were those characterized
as "Subtype 0" by SuStaln, i.e. those individuals that did not demonstrate any abnormal tau events. An
OLS linear model was fit with each variable described above as the dependent variable, and with dummy-
coded subtype entered as the independent variable (with SO as the reference subtype). The model also
included age, sex, education, clinical status (CN, MCI, AD) and cohort as covariates (except when that co-
variate was the dependent variable). Model t- and p-values were stored for each model and the latter
were FDR-corrected. 2) Comparison between subtypes. A one-vs-all approach was applied to subtyped
individuals only to assess how different tau-progression subtypes differed from one another. Separately
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for each subtype, models were fit for each variable with a single dummy variable entered indicating
membership to that subtype. Models once again covaried for age, sex, education, clinical status (CN, MCI,
AD), cohort, and, this time, SuStaln stage. T and p values were stored, and the latter was FDR-corrected
for the number of variables assessed. 3) Finally, each subtype was compared directly to each other sub-
type (i.e. one-vs-one comparison). OLS models were fit with dummy coded subtype variables as the de-
pendent variable, cycling each subtype as the reference subtype. T and p values for each of these models
were stored, and the latter was FDR-corrected for number of comparisons (i.e. number of dependent var-
iables). These models were also adjusted for age, sex, education, clinical status (CN, MCI, AD), cohort and
SuStaln stage. For space reasons, the results of 3) are only visible in Extended Data Fig. S8.

All models were subjected to diagnostics to ensure our data fulfilled assumptions of OLS regression
models. We found the residuals of all models to be normally distributed (Anderson-Darling tests p>0.05).
Further, we found no strong evidence for autocorrelation (Durbin Watson test, 1.5 < all models < 2.5),
outliers (Cooks distance of all subjects < 0.5), multicollinearity (variance inflation factor (VIF) for all covari-
ates < 100; besides age [23-27], sex [8-12] and education [13-17], all VIF < 10) or heteroscedasticity (visual
assessment of distribution around mean of residuals) in any of our models.

We also assessed the relationship between SuStaln stage and two variables: age and MMSE. For
these analyses, stage was correlated with age and MMSE, and the results were visualized across the
whole sample and also stratified by subtype. As a post-hoc analysis, we separated individuals into differ-
ent age groups: 65 or younger, and older than 65. We then reassessed age by SuStaln stage correlations
within each of these age groups.

Longitudinal MMSE data was also available for individuals from all cohorts, totalling 735 individuals
with at least two timepoints. 195 individuals had an additional third timepoint, 29 had a fourth, and 3 had
a fifth. Mean latest follow-up was 1.72 years from PET scan (sd = 0.64). Linear mixed effect models were
used to assess difference in longitudinal MMSE change between subtypes. All models were fit using the

Ime4 library in R, using type-Ill sum of squares, unstructured covariance matrices, and Satterthwaite’s

approximation to calculate the denominator degrees of freedom for p-values. Models featured MMSE
measurements as the dependent variable, interactions between time from baseline and dummy coded
subtype variables as the independent variables of interest (cycling the reference subtype), subject ID as a
random effect (allowing for random intercepts and slopes), and age, sex, education, cohort, dummy cod-
ed variables for MCl and AD, and SuStaln stage as covariates of no interest. One vs all models were also fit
for each subject using dummy coded subtype variables, and significant effects were reported. We addi-
tionally repeated the one vs. all subtype models within each cohort separately, and used this to calculate
a meta-analysis by finding a weighted mean of the t-values and standard errors. Since this analysis was
confirmatory, we used a one-tailed significance test to calculate the p-values.

Replication Analysis. We performed two types of replication analysis. To ensure that our results were not
driven by arbitrary z-score cutoffs, we reran models with completely different cutoffs. To ensure the re-
sults were not driven by our sample or unique to the flortaucipir radiotracer, we repeated the analysis de
novo in a separate cohort using a different tau-PET radiotracer.

SuStaln require z-score values to anchor the psuedotime for each ROI (see section Subtype and
Stage Inference above), and we chose values of 2,5,10 for all ROls so as to not let any region bias or influ-
ence the model unduly, and to aid comparability across different regions. To ensure our results were not
driven by this choice, we reran the model with a different set of z-score values chosen in a data-driven
manner. The object was to allow the distribution of tau-PET data in each region to define natural way-
points in the data. For each input region, we fit Gaussian mixture models to the data, varying the number
of components between 1 and 5. We used the model fit (AIC) to decide the optimal number of compo-
nents for each region. Finally, we used five-fold cross-validation to determine the boundaries of these
Gaussians to define anchors for each regions. We did this separately for each ROI, and as a result, differ-
ent ROIs had different waypoints, and even different numbers of waypoints (Table S6). We then refit the
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SuStaln model to the data and compared the results to the original model using spatial correlation (see
below).

While the five cohorts from the main discovery sample all use flortaucipir as the tau-PET tracer, a
sixth cohort (BioFINDER II; BF2) was available that instead used the RO948 radiotracer. While the two
tracers have similar binding patterns, RO948 tends to have less off-target binding in the basal ganglia and
better MTL signal, but frequently boasts high meningeal signal that can affect cortical SUVR measure-
ment>. Because of these differences, we opted to leave BF2 out of the discovery sample, and instead use
it as a replication cohort. This strategy allowed us to not only evaluate the stability of the subtypesin a
new cohort, but also allowed us to evaluate whether the subtypes are robust to tau-PET radiotracer.

We reran SuStaln de novo in the BF2 sample, using identical procedures to those described above
(Methods: Subtype and Stage Inference), although using the discovery sample to inform the number of
subtypes. The resulting subtypes were visualized and quantitatively assessed using spatial correlations.
Specifically, mean within-subtype SUVRs were computed for each (freesurfer) ROI, and each discovery
subtype ROIl-vector was correlated to each replication (BF2) subtype ROI-vector. To account for whether
different sample sizes contribute to differing results between the discovery and replication datasets, we
performed a split-half analysis with the discovery sample. Specifically, we split the discovery sample in
half and ran SuStaln separately on each half, once again using the original discovery sample to inform the
number of subtypes. We then compared each half, which had a sample size comparable to that of BF2, to
the BF2 samples using spatial correlations.

Assessment of Longitudinal Stability. Longitudinal PET data was available for individuals across all cohorts
except for UCSF, totaling 519 individuals with at least two time points (mean follow-up time = 1.42, sd =
0.58, years). These longitudinal scans were used to validate the stability of subtypes over time, under the
hypothesis that individuals should remain the same subtype, but should advance (or remain stable) in
SuStaln stage over time. ROIs for the longitudinal datasets were Z-scored as described above, but using
the cross-sectional cohort as the cohort for normalization. The SuStaln model fitted to the cross-sectional
dataset was used to infer subtype and stage of longitudinal data (all timepoints). Confusion matrices were
built to assess subtype stability between baseline and first follow-up. Stability was calculated as propor-
tion of individuals classified as the same subtype at follow-up, or who advanced from Stage 0 into a sub-
type, compared to the total number of individuals. Stability was also calculated excluding individuals who
were classified as Stage 0 at baseline or follow-up. We also assessed the influence of subtype probability
(i.e. the probability a subject falls into their given subtype) on individual subtype stability. Specifically, we
compared the subtype probability of stable individuals to unstable individuals with a t-test. We additional-
ly calculated overall model stability after excluding individuals using various subtype probability thresh-
olds.

Subtype progression was assessed by observing change in SuStaln stage over time in stable subtype
individuals. We calculated the proportion of individuals who advanced, were stable, or regressed in dis-
ease stage over time, before and after accounting for model uncertainty. Specifically, while stages are
generally characterized by advancing abnormality in a given region, uncertainty leads to some stages be-
ing characterized by probabilities of progressing abnormalities in more than one region. Therefore, indi-
viduals who advanced or regressed to a stage with event probabilities overlapping with their previous
stage were considered to be stable. We also calculated annual change in SuStaln stage by dividing total
change in SuStaln stage by number of years between baseline and final available timepoint. We used one-
sample t-test against zero to assess whether significant change over time was observed across the whole

sample, and within each subtype. We used ANOVAs and Tukey’s post-hoc tests to assess differences in

annual change in stage across the different subtypes. We also correlated annual change in stage with
baseline stage, and with age.

Individual forecasting of longitudinal tau progression. SuStaln models spatiotemporal subtype progressions,
but does so using only cross-sectional data. Therefore, longitudinal data can be used as "unseen" or "left-



930
931

932
933
934
935
936
937
938
939
940
941
942

943

944
945

946

947

948
949
950
951
952
953
954
955
956
957
958
959
960
961
962
963
964
965
966
967
968
969
970
971
972

out" data, which can be used to test whether and to what extent individuals follow the trajectories pre-
dicted by SuStaln. We accomplish this by using an individual’s subtype and stage probability to generate a

predicted second time point, and comparing the change between baseline and predicted follow-up to
change between baseline and actual follow-up.

To do this, we first sought to predict the rate of change of stage for each individual. We trained a
Lasso model to predict individual annualized change in SuStaln stage (Astage) using available data, and
cross-validation to get out-of-sample predictions for each individual. Features included age, sex, educa-
tion, amyloid status, APOE4 status, baseline stage MMSE and dummy coded variables for MCl, AD, and
each subtype. For each fold, the model was trained on 90% of the data, and this model was used to pre-
dict Astage in the 10% left out subjects. This process was repeated until predictions were made for each
subject. The mean absolute error between the predicted and true Astage was 0.91 stages/year. The pre-
dicted Astage was used for subsequent aspects of the tau prediction. This is important, as we are there-
fore minimizing the amount of longitudinal information leaking into the forecast.

Using this predicted Astage, we were then able to predict an individual’s stage at follow-up k;new giv-

en any stage at baseline k, as kjnew = k +Aqsgeti, Where t;is the time between follow-up visits in years.
We can then evaluate the SuStaln-predicted pattern of regional tau deposition at baseline Y;;as

c K
Yz] = Z ZAj,c,kPlck
c=1k=0
or at follow-up Z;;as
c K
Zij = z Z Ajc ki pew Pic e
c=1k=0

where A; .« is an ‘archetype’ indicating the expected amount of tau deposition for biomarker j at stage k of

subtype c and P, is the probability subject i is at stage k of subtype c. The archetype A; . is estimated
probabilistically from the Markov chain Monte Carlo (MCMC) samples of uncertainty provided by the SuS-
taln algorithm, giving an average archetypal pattern accounting for the uncertainty in the progression
pattern of each subtype. This means that each SuStaln-predicted pattern Y;;accounts for both uncertainty
in the progression pattern of each subtype as well as uncertainty in the subtype and stage of each individ-
ual.

We can therefore represent the predicted change in tau as Z;;-Y;;. This vector represents the pre-
dicted change in tau Z-score in each of the ten spatial input features to SuStain (i.e. left and right tem-
poral, parietal, occipital, frontal and medial temporal lobes). We evaluate the prediction by computing,
for each individual, the correlation between the predicted and true regional tau change vectors. We eval-
uate the overall prediction across the whole sample, and within-subtypes, by comparing the average pre-
diction against chance using one-sample t-tests against a correlation of zero.

Epidemic spreading model. Perhaps the most prominent hypothesis of tau spread suggests tau oligomers
spread directly from neuron to neuron through axonal connections. Under this hypothesis, diverse but
systematic variations in tau spreading may be driven by variability in macroscale connectivity, network
organization or vulnerable circuits. We test this idea by investigating whether a network diffusion model
simulating tau spread through the human connectome can recapitulate the various subtype patterns dis-
covered by SuStaln. We have previously applied the epidemic spreading model (ESM)58 to tau-PET data,
showing diffusion of an agent through human connectivity data (measured with diffusion imaging-based
tractography) can explain a majority of the variance of spatial tau patterns across a population of individ-
uals along the AD spectrung. We here conduct the exact same analysis separately for each subtype iden-
tified through SuStaln. We further allow the ESM to identify regional epicenters separately for each sub-
type, under the hypothesis that different subtype patterns may be driven by prominence of different cor-
ticolimbic networks.



973 As described in *°, each tau-PET ROl was converted to tau-positive probabilities using mixture mod-
974 eling. This process is similar to the Z-scoring procedure (Extended Data Fig. S1), though in this case, the
975 probability that values fall onto the abnormal distribution is ascertained using five-fold cross-validation.
976 These measures represent the probability that a given ROI exhibits tau in the abnormal range. Connectivi-
977 ty was measured from a dataset of 60 young healthy subjects from the CMU-60 DSI Template
978 (http://www.psy.cmu. edu/coaxlab/data.html). Deterministic tractography was calculated for each indi-
979 vidual by finding connections between ROIs using orientation distribution functions, and connectivity was
980 measured using the anatomical connection density (ACD) metric>®. Images were assessed for quality and
981 connectomes were averaged across all 60 individuals. For each subtype separately, the ESM was fitted
9082 across all individuals, cycling through the average of each left-right pair of cortical ROIs (including hippo-
983 campus and amygdala, 33 pairs in total) as the model epicenter. The best fitting epicenter was selected by
984 finding the model with the minimum mean euclidian distance between model predicted and observed tau
985 spatial pattern across subjects. Model accuracy was represented as the r’ between the mean observed
986 ROI-level tau-PET probabilities and mean predicted probabilities across subjects. For each subtype, we
987 compared the r’ of the model using the best-fitting epicenter to the r’ of models using an entorhinal epi-
988 center. To gain confidence in the subject-specific epicenter, we bootstrapped the sample 1000 times and
989 recomputed the best-fitting epicenter for each subtype. Epicenter probability was calculated as the fre-
990 qguency that an epicenter was selected as best epicenter across bootstrap samples.
991 We were additionally interested in how secondary seeding evolved over the course of each subtype
992 progression. While the ESM is designed to ascertain the true pathological epicenter, the selected epicen-
993 ter reflects the seeding point that best matches the spatial pattern of the dependent variable. As such, it
994 is likely that "secondary epicenters" become important for disease spread at later disease stages. We
995 binned individuals for each subtype into disease stage bins, as with Fig 1e. Individual epicenters were as-
996 certained for each subject, and were aggregated based on lobe (MTL, temporal, frontal, parietal, occipi-
997 tal). We then calculated epicenter frequency among individuals in each stage bin for each subtype. This
998 allowed us to track how the secondary epicenter evolve throughout the disease course for each subtype
999 trajectory.
1000 We repeated this same analysis with a different connectome based on rsfMRI connectivity from an
1001 elderly population, and using a higher-resolution atlas. The sample consisted of rsfMRI scans from 422
1002  healthy elderly controls (166 AB-positive), 138 individuals with subjective cognitive decline but without
1003  objective impairment (48 Ap-positive), and 83 AB-positive MCI patients. 57 individuals overlapped be-
1004 tween this sample and the tau-PET discovery sample used for analysis. Functional data was processed
1005 using modified CPAC pipeline60 involving slice time correction, bandpass filtering at 0.01-0.1 Hz, regression
1006 of motion, white matter and CSF signal, compcor physiological noise, and the 24 Friston parameters. The
1007 timeseries also underwent adaptive censoring of volumes for which DVARS jumps above median+1.5*IQR
1008 were observed. Timeseries were averaged within ROIs of the 246-ROI Brainnetome cortical/subcortical

1009 atlas (https://atlas.brainnetome.org/), nodewise connectivity was calculated using either Fisher’s Z trans-

1010  formed correlations or partial-correlation (see below). The ESM was fit using the bilateral A35/36r ROl as
1011 model epicenter, and the following combinations of parameters were varied: regions (cortical only or all
1012 regions), subject-base (AB-negative only vs. all subjects), density (edgewise thresholding at 0.02, 0.5, 0.1,
1013 0.25, 1, or partial correlation with no thresholding, and normalization (whether connectivity matrices
1014 were normalized after density thresholding). The only parameter strongly affecting model performance
1015 was density threshold — partial correlation far outperformed all other conditions. Using all regions over
1016 only cortical regions bore slight advantages, as did using all subjects over only AB-negative. Normalization
1017  had no effect on outcomes. The best-fitting model was used for further analysis. The ESM was fit to each
1018 subject separately, and epicenter bootstrapping was performed, both as described above.

1019
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