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Abstract 27 

Purpose: Alzheimer’s disease (AD) studies revealed that abnormal deposition of tau spreads in 28 

a specific spatial pattern, namely Braak stage. However, Braak staging is based on post mortem 29 

brains, each of which represents the cross-section of the tau trajectory in disease progression, 30 

and numerous studies were reported that does not conform to this model. This study aimed to 31 

identify the tau trajectory and additionally quantify the tau progress in a data-driven approach 32 

using the continuous latent space learned by variational autoencoder (VAE).  33 

Methods: 1080 [18F]Flortaucipir brain PET images were collected from Alzheimer’s Disease 34 

Neuroimaging Initiative database. VAE was built to compress the hidden features from tau 35 

images in latent space. Hierarchical clustering and minimum spanning tree were applied to 36 

organize the features and calibrate them to the tau progression, thus deriving pseudo-time. The 37 

image-level tau trajectory was inferred by continuously sampling across the calibrated latent 38 

features. We assessed the pseudo-time with regards to tau standardized uptake value ratio (SUVr) 39 

in AD-vulnerable regions, amyloid deposit, glucose metabolism, cognitive scores and clinical 40 

diagnosis. 41 

Results : We identified 4 clusters that plausibly capture certain stages of AD and organized the 42 

clusters in the latent space. The inferred tau trajectory agreed with the Braak staging. According 43 

to the derived pseudo-time, tau first deposits in the parahippocampal and amygdala, and then 44 

spreads to fusiform, inferior temporal lobe, and posterior cingulate. Prior to the regional tau 45 

deposition, amyloid accumulates first.  46 

Conclusion: The spatiotemporal trajectory of tau progression inferred in this study was 47 

consistent with Braak staging, and the profile of other biomarkers in disease progression agreed 48 

well with previous findings. We addressed that this approach additionally carries a potential to 49 

quantify tau progression as a continuous variable taking a whole-brain tau image into account. 50 

Keywords: Variational auto-encoder (VAE), Hierarchical clustering, minimum spanning tree (MST), Positron 51 

Emission Tomography (PET), [18F]Flortaucipir, Alzheimer’s Disease 52 
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1. Introduction 95 

 96 

One of the key pathophysiologic features of Alzheimer’s disease (AD) is neurofibrillary tangles 97 

(NFTs), which are formed by the hyperphosphorylation and abnormal aggregation of tau protein 98 

(1). The abnormal tau pathology is related to cognitive dysfunction and predicts longitudina l 99 

change in neuronal loss (2,3). Therefore, the degree of tau pathology is important to understand 100 

the disease progression and can be taken to be reflective of clinical severity (4).  101 

 102 

Post-mortem data indicate that the distribution of NFTs follows a distinctive spreading 103 

pattern along with the disease progression, namely Braak stages. In the first two stages (I-II), 104 

NFTs appears in the transentorhinal region, and through the limbic region (III-IV), and finally 105 

in the isocortical region (V-VI) (5). However, Braak staging is based on the autopsy of the half 106 

brain which shows a certain cross-section of the tau trajectory in disease progress. Recent 107 

advances in positron emission tomography (PET) tracers for tau imaging allow assessment of 108 

regional tau load in vivo, which is now a key diagnostic biomarker for the diagnosis of AD (6). 109 

Of these radiotracers, [18F]flortaucipir, also known as [18F]AV-1451, has been studied widely 110 

and recently approved by FDA (7). Although numerous [18F]flortaucipir PET studies agree to 111 

the Braak staging (8-10), other findings argue otherwise (11-13). For instance, tau burden in 112 

medial temporal regions was also addressed commonly in CN subjects (14). Additionally, the 113 

clinical variants of AD affect the patterns of tau deposition (15-20). 114 

 115 

Due to the region-specific and variable patterns of tau PET, no consensus has been made 116 

on how to quantify tau PET scans and incorporate them into the A/T/N scheme – a 117 

recommended category of AD biomarkers (A: β-amyloid biomarkers; T: tau biomarkers; N; 118 

neurodegeneration or neuronal injury biomarkers) (6) ), as the region-of-interest (ROI) can be 119 

defined in various ways; and this can significantly influence study outcomes (21,22). The most 120 
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agreed method for tau quantification is measuring the standardized uptake value ratio (SUVr) 121 

in the predefined region-of-interest (ROI) assuming that the topography of tau PET deposition 122 

matches well with the Braak stage (8). The AD-vulnerable ROIs, in this sense, include the 123 

entorhinal, amygdala, parahippocampal, fusiform, inferior temporal, and middle temporal 124 

regions (23,24). Likewise, the quantification using the combination of AD-vulnerable ROIs was 125 

used in some studies, one of which classifies tau in multi-stages rather than merely rating 126 

positive/negative (9). However, with accumulated evidence of the various spatiotemporal tau 127 

patterns and trajectories, simple region-specific quantification of tau PET can be considered 128 

less effective. 129 

 130 

Here, we propose a data-driven model to infer an image-level spatial progression pattern 131 

of tau pathology in AD, and address that this method, additionally, holds the potential to 132 

quantify the degree of tau deposition as a continuous value taking the whole-brain tau image 133 

into account. We hypothesized that latent, or hidden, patterns inherently exist in tau PET images. 134 

These latent features were used to build a trajectory and to mark the extent of tau progression, 135 

which we refer to as pseudo-time in this work. We derived the spatiotemporal pattern of tau 136 

progression at the image-level by a deep learning model. More specifically, variational 137 

autoencoder (VAE), which is an unsupervised generative model (25), hierarchical clustering 138 

and minimum spanning tree (MST) was exploited for the proposed method. The tau SUVr in 139 

AD-vulnerable region, amyloid deposit, glucose metabolism, cognitive scores and clinical 140 

diagnosis were analyzed with regards to the discovered tau PET-based clusters and derived 141 

pseudo-time. 142 

 143 
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2. Material and Methods  144 

 145 

Data acquisition 146 

Data used in the preparation of this article were obtained from the Alzheimer's Disease 147 

Neuroimaging Initiative (ADNI) database (adni.loni.usc.edu). The ADNI was launched in 2003 148 

as a public-private partnership, led by Principal Investigator Michael W. Weiner, MD. The 149 

primary goal of ADNI has been to test whether serial magnetic resonance imaging (MRI), 150 

positron emission tomography (PET), other biological markers, and clinical and 151 

neuropsychological assessment can be combined to measure the progression of mild cognitive 152 

impairment (MCI) and early Alzheimer's disease (AD). For up-to-date information, see 153 

www.adni-info.org. 1080 pairs of T1 MRI image and [18F]Flortaucipir PET were recruited in 154 

total, of which 78 was diagnosed as AD, 483 was as MCI, 519 was as CN in their most current 155 

diagnosis. The demographics of the subjects are summarized in Table 1.  156 

 157 

Preprocessing 158 

All images underwent ADNI preprocessing pipeline. Every 6 five-minute frames of PET were 159 

averaged and reoriented into a standard 160 × 160 × 96 voxel image grid, having 1.5 mm3 cubic 160 

voxels. Each image set is filtered with a scanner-specific filter function to produce images of a 161 

uniform isotropic resolution of 8 mm FWHM. Each [18F]Flortaucipir PET image was co-162 

registered to the corresponding T1 MRI image by applying a normalized mutual-informat ion-163 

based rigid registration. MRI images were then spatially normalized to T1 MR template 164 

matching the Montreal Neurological Institute (MNI) space using statistical parametric mapping 165 

(SPM8, www.fil.ion.ucl.ac.uk/spm). Combining the transformation matrices of the PET-to-166 

MRI rigid registration and the MRI-to-MNI elastic registration space, the PET images were, 167 

finally, spatially normalized into the MNI template. Each PET image was divided by mean tau 168 

uptake of the cerebellum before being fed into the model. 169 

http://www.fil.ion.ucl.ac.uk/spm
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 170 

Variational autoencoder (VAE) 171 

VAE was exploited to encode the [18F]Flortaucipir PET images into the latent space and 172 

generate the tau progression images inferred from the latent space, as illustrated in Figure 1A. 173 

As one of the techniques to reduce dimensionality, VAE compresses the input data into 174 

concentrated features, or latent features, in a smaller dimension. However, contrary to 175 

independent component analysis (ICA), principal component analysis (PCA), or standard 176 

autoencoder (AE), VAE encodes the input data as a distribution instead of a point and 177 

regularizes the latent space by limiting the distribution produced by the encoder to be Gaussian. 178 

Therefore, VAE is capable of generating a new instance by sampling from the continuous latent 179 

space which is composed of a mixture of distribution. The detailed VAE algorithm is explained 180 

in the Supplementary Material. 181 

 182 

In this work, the encoder and generator were built using six convolutional layers, and 183 

the latent feature dimension is of size 512, as illustrated in Figure 1B. The network was trained 184 

with 540 [18F]Flortaucipir PET images for 100 epochs.  185 

 186 

Latent feature clustering analysis  187 

The latent features of each 1080 [18F]Flortaucipir PET were categorized using hierarchical 188 

agglomerative clustering. The clustering result was plotted by T-distributed stochastic 189 

neighbour embedding (t-SNE), which enables the latent feature in a dimension of 100 to be 190 

visualized in 2 dimensions.  191 

 192 

 The AD-vulnerable region tau SUVr, with cerebellum grey matter as a reference region, 193 

was evaluated between the clusters, which included inferior temporal lobe (temporal_inf), 194 

amygdala, parahippocampal, hippocampus, fusiform and posterior cingulum (cingulum_post) 195 
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defined by Automated Anatomical Labeling (AAL) atlas. 196 

 197 

 In addition, the age, Mini-Mental Status Examination (MMSE) score, [18F]AV45 SUVr, 198 

[18F]FDG SUVr, and APOE4 status were analyzed between the clusters, all of which are 199 

collected from ADNI data archive for each subject. The MMSE score, [18F]AV45 and [18F]FDG 200 

PET SUVr was investigated to compare global cognitive function, amyloid load, and brain 201 

metabolism, respectively. [18F]AV45 SUVr is defined as the mean SUVr of ROIs, including 202 

frontal, anterior cingulate, precuneus, and parietal cortex, with the whole cerebellum outlined 203 

by Freesurfer as a reference region (26). Similarly, [18F]FDG PET quantification data were 204 

calculated by the average [18F]FDG SUVr of angular, temporal, and posterior cingulate, 205 

normalized by pons/vermis reference region mean (27). 206 

 207 

The significance of the cluster difference in clinical status was evaluated using the Chi-208 

Squared analysis for the categorical clinical phenotype variables. One-way analysis of variance 209 

(ANOVA) was performed for continuous clinical phenotype variables, followed by Tukey’s 210 

post hoc pairwise test for multiple comparisons. 211 

 212 

Trajectory inference using minimum spanning tree (MST) 213 

The identified clusters were thought to represent a certain stage in tau progression, and MST 214 

was performed to find the connection or the order of clusters. MST is defined as a weighted, 215 

undirected subset of edges in a network that connects all nodes with the minimum possible total 216 

edge weight without cycles.  217 

 218 

In this work, we assumed that the clusters adjacent to one another in latent space share 219 

more than the ones apart and that the progression from one cluster to another is more likely to 220 

take place in the direction where the total distance is the shortest. Accordingly, we applied MST 221 
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in latent space, by defining nodes as the centres of the identified clusters and edge weights as 222 

the euclidean distance between the corresponding pair of cluster centres.  223 

 224 

The derived MST graph was used as a calibration to measure the tau progression, 225 

corresponding the nodes to the marks and the edge weight to the distances between the marks. 226 

The latent features were sampled continuously across the edges of the resulting MST graph in 227 

order of tau progression, and the image-level tau trajectory was inferred by the trained VAE 228 

generator. 229 

 230 

Pseudo-time  231 

In addition, we defined the pseudo-time of each tau image that describes the extent of 232 

tau progression as a continuous value in a range of 0-100, which is measured by the geometrical 233 

relationship between its latent feature and the derived MST graph in latent space. For each tau 234 

image, we first calculated its latent vector relative to its cluster centre and projected this vector 235 

onto the corresponding edge in MST graph, and measured the scalar projection to pinpoint the 236 

location. The points marked by each latent feature were normalized and scaled in a range of 0-237 

100, which we refer to as pseudo-time. 238 

 239 

The regional tau uptake and various biomarker information, retrieved from ADNI data 240 

archive, were outlined with regards to derived pseudo-time. In order to estimate the pseudo-241 

time at which SUVr of regional tau PET as well as other biomarker PET significantly changes, 242 

we regressed the pseudo-time SUVr curves to the logistic model. 243 

 244 

Moreover, we calculated the length between each latent feature and the respective edge 245 

in MST graph and flagged the outliers that were fallen outside of the 95 percentile in order to 246 

potentially detect the atypical tau patterns. The tau patterns of the outliers were examined.  247 
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3. Results  248 

 249 

Clusters identification  250 

We identified 4 clusters from the latent features encoded by VAE and hierarchical 251 

agglomerative clustering. Figure 2A-B illustrates the clustering result and the diagnosis of 1080 252 

data respectively in the t-SNE plot. The heatmap of the contingency table is shown in Figure 253 

2C, which depicts the ratio of diagnosis within each cluster. AD subjects were not found in 254 

cluster 3, whereas prevalent in cluster 2. MCI subjects were found mostly in cluster 0 and cluster 255 

2. The difference of ratio between cluster 1 and cluster 3 was subtle. 256 

 257 

Standardized uptake value ratio (SUVr) in ROI between clusters and Braak stages  258 

Figure 3A depicts the average tau PET image of each cluster, normalized by average uptake in 259 

cerebellum grey matter. In average, tau deposition gradually increased in temporal lobe and 260 

frontal lobe in the order of cluster 3, cluster 1, cluster 0 and cluster 2. Figure 3B illustrates the 261 

tau SUVr within ROIs in AD-vulnerable ROIs. Across AD-vulnerable regions, cluster 2 262 

presented the highest average SUVr, except for hippocampus where cluster 1 showed the 263 

highest. Supplementary Table 1 shows the results from ANOVA and Tukey’s pairwise test in 264 

temporal and cingulate ROIs defined in AAL template. In most ROIs, the group difference 265 

between cluster 0, cluster 1, and cluster 3 was trivial, except for amygdala where cluster 0 266 

presented significantly more tau deposition than cluster 3. Thus, cluster 2 was regarded as a 267 

typical AD with advanced tau depositions, while the other three clusters represented normal or 268 

early tau pathology progression.  269 

 270 

Clinical variance between the clusters  271 

Table 2 summarized the clinical variance between the clusters. The average age was lowest in 272 

cluster 3, and no pronounced difference was found in the average age between other clusters. 273 
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The average MMSE score was lowest in cluster 2, and second lowest in cluster 0, but no 274 

difference was found between cluster 1 and cluster 3. The average [18F]AV45 PET SUVr was 275 

the highest in cluster 2, but no significant difference was found between other three clusters. 276 

The average [18F]FDG PET SUVr was lowered in the order of cluster 3, 1, 0, and 2, however, 277 

Tukey’s test indicated no difference between cluster 1 and cluster 3. APOE4-positive cases were 278 

prevalent in cluster 2, and less common in cluster 3, followed by cluster 0 and cluster 1. Female 279 

subjects were more included in cluster 3, and less included in cluster 0. 280 

 281 

MST and inference of tau trajectory 282 

The MST method resulted in a straight graph with cluster 1 and cluster 2 as leaf nodes as shown 283 

in Figure 4A. Although MST is an undirected graph and does not provide the starting and 284 

endpoint of the network, we determined cluster 1 as the initial node of tau progression and 285 

cluster 2 as the last node, given the regional tau uptake and the clinical variance between the 286 

clusters. Accordingly, the series of cluster 1, cluster 3, cluster 0, and cluster 2 was established 287 

as a tau progress sequence. The latent vector trajectory was derived by continuously sampling 288 

the edges through the defined MST graph, and the tau PET trajectory was reproduced using 289 

MST generator as shown in Figure 4B, and the video is provided in supplementary materials. 290 

Similar to Braak stages, the tau deposits initially in medial temporal lobe and gradually to 291 

temporal lobe and frontal lobe.  292 

 293 

Pseudo-time analysis  294 

The pseudo-time was measured for each tau-images. Figure 5A depicts the comparison of 295 

pseudo-time between different diagnosis groups. AD group showed higher pseudo-time than 296 

CN group, and the MCI group showed a broader range of pseudo-time. Figure 5B illustrates the 297 

derived pseudo-time in t-SNE plot. Figure 5C depicts the profile of amyloid deposit estimated 298 

by [18F]AV45 PET together with glucose metabolism estimated by [18F]FDG PET with regards 299 
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to pseudo-time. The amyloid deposit gradually increased throughout pseudo-time, whereas 300 

glucose metabolism stayed stable. Figure 5D shows the MMSE score and figure 5E illustrates 301 

tau SUVr profiles in AD-vulnerable ROIs regarding pseudo-time. The profile of fusiform, 302 

cingulum_post, and temporal_inf appeared similar, where drastic upturn was found in the tail 303 

of pseudo-time. The outline of hippocampus stayed unchanged and that of amygdala and 304 

parahippocampal showed consistent increase. The MMSE declined around pseudo-time of 60. 305 

The logistic regression of figure 5C and 5E is illustrated in Supplementary Figure 1. The 306 

amyloid deposit calculated by [18F]AV45 PET first increased, and the tau SUVr in AD-307 

vulnerable regions escalated later. More specifically, the tau SUVr of parahippocampal first 308 

started to increase, followed by amygdala, fusiform, temp_inf and cingulum_post. However, 309 

the tau SUVr of hippocampus rather decreased, and [18F]FDG SUVr increased, which was 310 

poorly estimated. 311 

 312 

In addition, the atypical tau pattern was acquired and the examples are introduced in 313 

Supplementary Figure 2. According to the method we applied, there was no indication of any 314 

atypical tau pattern in cluster 3. The examples included the patterns from cluster 0, cluster 1, 315 

and cluster 2.  316 

 317 
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4. Discussion 318 

For decades, the trajectory of tau pathology has been primarily studied upon a single model, 319 

Braak stages, while numerous cases were reported that do not conform. Besides the model being 320 

region-specific, these variants of tau trajectories added extra challenges to quantifying the 321 

progress of tau in AD. Recently, the trajectory of tau deposition was extensively studied and the 322 

four distinctive trajectories were identified (20). In parallel, efforts were made to find the best 323 

quantification scheme to account for tau PET scans in AD (23, 24). We employed a deep 324 

learning algorithm to infer the tau trajectory without any prior knowledge, and came along with 325 

the pseudo-time of tau progress, which quantifies the extent of tau deposit in disease progression 326 

at individual level. Our finding reassured the Braak’s model, and demonstrated that pseudo-327 

time potentially solve the challenges in tau quantification, as it takes the whole brain tau PET 328 

itself into consideration and delivers the continuous tau progress index. 329 

 330 

Upon building the tau trajectory, we detected the atypical asymmetric tau pattern 331 

depicted in Supplementary Figure 2. Aside from the typical presentation of tau pathology from 332 

the medial temporal regions and resulted impairment of episodic memory, studies have found 333 

atypical tau patterns and their related clinical symptoms, such as primary progressive aphasia 334 

(PPA) or posterior cortical atrophy (PCA) (28). Although various atypical tau patterns and its 335 

trajectories were found in the other research group (20), we focused on deriving the typical tau 336 

trajectory and flagged the outliers as simply atypical tau pattern in this work. However, we 337 

believe that this method could contribute to the extensive search on atypical tau trajectories and 338 

their related symptoms, if provided with further clinical notes of the subjects in the future. 339 

 340 

Additionally, we addressed that this approach has the potential to quantify tau progress 341 

as a continuous value, which we refer to as pseudo-time, taking the whole-brain tau image into 342 

account. One of the challenges that the priori ROI-based quantification faces is its limitation in 343 
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reflecting the various and atypical spatial patterns of tau accumulation in PET (28, 29). 344 

Furthermore, image noise and quantification errors hinder the performance of the ROI-based 345 

quantification method at the early stage of tau pathology with mild tau accumulation. Our 346 

method dealt with this concern by employing the renowned deep learning algorithm, VAE, and 347 

using whole-brain tau image as an input. VAE serves as the model to learn non-linear dimension 348 

reduction functions of higher dimension PET images. The latent vectors in autoencoder (AE) 349 

tends to be uninterpretable as AE finds the latent vector which merely reconstructs the input as 350 

similar as possible. On the other hand, VAE encodes the latent features by regularizing the latent 351 

space to be continuous, hence, allowing to generate new data by sampling from its latent space. 352 

The reason behind selecting VAE lies in its capacity to form a continuous latent space for the 353 

distribution of tau PET image hence deriving better quantification result. 354 

 355 

 Moreover, deriving the pseudo-time helps to better understand the complementary 356 

information of tau regional uptake and various PET biomarkers, including amyloid pathology 357 

and brain metabolism. For instance, our finding agrees that the accumulation rate, especially in 358 

inferior temporal lobe, can be alternatively a good indicator, which was also suggested by the 359 

longitudinal tau PET study from the other group (12). Earlier to the regional tau uptakes taking 360 

place, amyloid PET uptake starts increasing first. This consequence of biomarker corresponds 361 

to the previously well-known hypothesis of dynamic biomarkers of AD pathological cascade 362 

(30, 31). However, the pseudo-time for hippocampus is poorly estimated. We speculate that the 363 

misleading result might come from the brain atrophy. Similarly, the logistic regression for FDG 364 

pseudo-time curve is conflicting, as it rather increases throughout pseudo-time. This comes from 365 

the lack of information in ADNI, and the distribution of FDG pseudo-time curve was 366 

comparatively sparse. 367 

 368 

The methodological limitation remains in each building block of this study. Although 369 
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the VAE worked well with our purposes, the outputs generated from the VAE for trajectory 370 

analysis were blurry, which is known to be common (32). Another limitation for this work is  371 

the heuristic setting in the number of resulting clusters. That is, we fixed the number of clusters 372 

manually in order to avoid overfitting and underfitting problem, referring to the dendrogram, 373 

distance plot, t-SNE plot and diagnosis contingency matrix. MST has been a popular choice in 374 

brain network or connectivity studies mostly in fMRI studies (33, 34), and was recently 375 

introduced in AD disease progression study using gene expression data (35). To our best 376 

knowledge, MST has not yet been explored in brain PET imaging to model the trajectory of 377 

disease progression in AD. In our study, MST showed the potential to discover the relationship 378 

between the tau PET clusters, hence, the tau trajectory. Furthermore, we observed the nested 379 

sub-network in MST with a larger number of clusters. This can indicate that if our method is 380 

expanded to a larger number of clusters, the distinctive subtypes of the tau trajectories can be 381 

identified together with its pseudo-time. However, as an undirected graph, starting and ending 382 

point is not determined by MST, and this opens more place for the discussion in the 383 

interpretation of the result derived by a larger number of clusters. 384 

 385 

In accordance with the remark we made, future studies will aim to expand our model to 386 

identify the various trajectories and their pseudo-time, as well as the related clinical symptoms. 387 

In this work, we simply detected the atypical pattern, but we believe the extensive tau 388 

trajectories can be found and quantified with our model if well developed. 389 

 390 
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5. Conclusion 391 

In this work, we identified the image-level tau trajectory without any prior knowledge of 392 

existing models such as Braak stages, using VAE, hierarchical clustering, and MST. 393 

Additionally, we addressed that this approach has the potential to quantify tau progress as a 394 

continuous value, which we refer to as pseudo-time. This method, contrary to the ROI-based 395 

quantification method, considers the whole brain image to pinpoint the extent of tau progress 396 

at the individual level. Furthermore, pseudo-time can guide the better understanding of the 397 

association between tau burden and other biomarkers such as amyloid, neuronal injury in the 398 

pathophysiology of AD. Importantly, atypical tau patterns were detected upon deriving tau 399 

trajectory, and we believe this approach sheds new light on an extensive search of distinctive 400 

tau trajectories as well as its quantification. 401 

     402 
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Table 1 The demographics of the subjects. 545 

 546 

 AD 
( n = 78 ) 

MCI 
( n = 483 ) 

CN 
( n = 519 ) 

TOTAL 
( n = 1080 ) 

Age (years) 74.8 ± 8.4 74.7 ± 7.4 74.4 ± 7.7 74.6 ± 7.6 

Sex 
( M  : F ) 46 :32 254 : 229 216 : 303 516 : 564 

APOE4* 
( positive % ) 

61.9 43.8 36.1 44.6 

M M SE** 21.9 ± 4.3 27.5 ± 3.2 28.9 ± 1.4 27.8 ± 3.2 

Education 
( years ) 

15.3 ± 2.6 16.4 ± 2.5 16.6 ± 2.4 16.4 ± 2.5 

 547 

 548 

*Apolipoprotein E. We defined the subject carrying either APOE3/4 or APOE4/4 as positive case. 549 

** Mini–Mental State Examination (MMSE) 550 

 551 

  552 
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Table 2 The statistical differences of Age, MMSE, [18F]AV45, FDG, Sex and APOE status between each 553 

clusters 554 

  555 

 Age M M SE [18F]AV45 [18F]FDG Sex (F) APOE (positive)  

Cluster_0 74.79 ± 7.16 28.06 ± 2.72 1.14 ± 0.20 1.22 ± 0.14 43.92%  38.76%  

Cluster_1 75.03 ± 7.84 28.56 ± 2.02 1.13 ± 0.19 1.27 ± 0.11 59.42%  36.07%  

Cluster_2 76.13 ± 8.11 24.98 ± 4.66 1.37 ± 0.25 1.09 ± 0.12 51.57%  52.94%  

Cluster_3 70.77 ± 6.64 28.95 ± 1.19 1.11 ± 0.17 1.30 ± 0.10 66.20%  43.79%  

test 

value(F/chi2) 
15.78 74.12 31.96 26.04 30.07 13.88 

p vlaue < 0.001 < 0.001 < 0.001 < 0.001 < 0.001 < 0.01 

Tukey’s test 
significance 

[0,3], [1,3], 

[2,3] 

[0,2], [0,3],  

[1,2], [2,3] 

[0,2], [1,2], 

[2,3] 

[0,2], [0,3], 

[1,2], [2,3] 
  



 

21 
 

 556 

Figure 1 Study design and model architect for variational autoencoder (VAE). A. The scheme of the 557 

study design. The tau brain images were first embedded into the latent feature by VAE, and those latent 558 

features were clustered by hierarchical agglomerative clustering. The identified clusters were organized by 559 

minimum spanning tree (MST), and the tau trajectory was reproduced using VAE generator by continuously 560 

sampling across the MST graph. Pseudo-time was defined to mark the degree of the tau progression. B. VAE 561 

architecture. 6 convolving layers were built for both encoder and generator, with the latent size of 512.  562 

  563 

A 

B 



 

22 
 

564 

 565 

  566 

A B 

C 

Figure 2 Clustering results on t-SNE plot and contigengy table. A. t-SNE plot with 

clustering result. B. t-SNE plot with diagnosis. C. contingency matrix of cluster result and 

the diagnosis ratio. 
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 567 

 568 

Figure 3 Average tau PET image of each cluster. A. The average image of each cluster. Cluster_0 (top), 569 

cluster_1, cluster_2, cluster_3 (bottom). B.  Tau SUVr in temporal and cingulate region. (Amygdala, 570 

ParaHippocampal, Hippocampus, Fusiform, Cingulum_post , and Temporal_inf,).  571 

  572 

A B 



 

24 
 

 573 

Figure 4 Generation of a movie for tau progression pattern using VAE and MST. A. MST graph. The 574 

red point depicts the center of cluster. The grey line illustrates the edge with the edge weight. B. Tau 575 

progression pattern (left to right) generated by the derived MST graph and the trained VAE generator in 576 

sagittal (top), coronal, and axial (bottom) view.  577 

  578 

A 
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 579 

Figure 5 Pseudo-time vs diagnosis/SUVr. A. Pseudo-time vs diagnosis. B. t-SNE plot of pseudo-time. C. 580 

Pseudo-time vs [18F]AV45 /FDG. C. Pseudo-time vs MMSE. D. Pseudo-time vs tau SUVr in amygdala, 581 

hippocampus, parahippocampal, fusiform, temporal_inf, cingulum_post. Fitted to third degree polynomia l 582 

illustrated in black curve. 583 

A 

E 

C D 

B 



 

26 
 

Supplementary Material 584 

Variational autoencoder (VAE) 585 

 586 

Given data sample projected in the latent space, z, the probabilistic generator can be 587 

expressed as 𝑝Ɵ(x | z) . The posterior distribution 𝑝Ɵ(z | x)  is obtained by using the prior 588 

distribution 𝑝(𝑧) and the probabilistic generator 𝑝Ɵ(x | z), such that 𝑝Ɵ(z | x) ~𝑝(𝑧)𝑝Ɵ(x | z). 589 

The encoder is learns an approximation 𝑞∅(z | x) to the posterior distribution 𝑝Ɵ(z | x), where ∅ 590 

denotes the parameters of the encoder, and Ɵ  those of the generator. Hence, the VEA loss 591 

function used to train the model can be described as, 592 𝐿 ( ∅, Ɵ) = − 𝐸𝑧 ~ 𝑞∅(z | x) (  𝑙𝑜𝑔 𝑝Ɵ(x | z)  ) + 𝐾𝐿(  𝑞∅(z | x) || 𝑝Ɵ(𝑧)  ). 593 

 594 

Note that the first term defines the reconstruction loss, while the second term is acts as 595 

a regularization term, in the form of the Kullback-Leibler (KL) divergence between the latent 596 

distribution learnt and the prior distribution. In practice, the generator input is resampled by the 597 

encoded latent features z, 598 𝑧𝑟𝑒𝑠𝑎𝑚𝑝𝑙𝑒𝑑 =  𝑧𝑒𝑛𝑐𝑜𝑑𝑒𝑟 +  𝑧𝑠𝑑  × 𝜀, 599 

 600 

where 𝜀 represents a random noise sample. 601 

  602 
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Supplementary Table 1 The statistical differences of SUVr in temporal and cingulate ROIs 603 

between each clusters in descending order of F value.  604 

*The paired clusters in the square brackets shows significance pair-wise group difference. 605 

N.S.: Not significant 606 

 Cluster 0 Cluster 1 Cluster 2 Cluster 3 F value p value *Tukey’s test significance 

Temporal_Inf 1.27  ± 0.14 1.25  ± 0.22 1.58  ± 0.42 1.22  ± 0.1 101.70 < 0.001 [0,2],[1,2],[2,3] 

Fusiform 1.22  ± 0.13 1.21  ± 0.25 1.43  ± 0.35 1.19  ± 0.11 55.07 < 0.001 [0,2],[1,2],[2,3] 
Temporal_Mid 1.17  ± 0.13 1.18  ± 0.39 1.44  ± 0.41 1.17  ± 0.09 49.75 < 0.001 [0,2],[1,2],[2,3] 

ParaHippocampal 1.14  ± 0.13 1.14  ± 0.27 1.24  ± 0.23 1.12  ± 0.11 15.95 < 0.001 [0,2],[1,2],[2,3] 
Amygdala 1.27  ± 0.17 1.23  ± 0.4 1.38  ± 0.24 1.2  ± 0.13 15.93 < 0.001 [0,2],[0,3],[1,2],[2,3] 

Hippocampus 1.3  ± 0.14 1.35  ± 0.39 1.27  ± 0.19 1.29  ± 0.14 4.18 < 0.01 [1,2] 

Temporal_Sup 1.05  ± 0.1 1.09  ± 0.66 1.14  ± 0.25 1.07  ± 0.08 2.69 < 0.1 [0,2] 
Heschl 1.04  ± 0.1 1.04  ± 0.72 1.02  ± 0.19 1.02  ± 0.08 N.S N.S N.S. 

 607 

 Cluster 0 Cluster 1 Cluster 2 Cluster 3 F value p value *Tukey’s test significance 

Cingulum_Mid 1.1  ± 0.12 1.09  ± 0.38 1.2  ± 0.26 1.1  ± 0.09 10.19 < 0.001 [0,2],[1,2],[2,3] 
Cingulum_Post 1.09  ± 0.15 1.1  ± 0.51 1.17  ± 0.32 1.09  ± 0.1 3.51 < 0.03 [0,2],[1,2] 

Insula 1.14  ± 0.11 1.14  ± 0.63 1.17  ± 0.23 1.11  ± 0.09 N.S N.S N.S. 
Cingulum_Ant 1.08  ± 0.12 1.08  ± 0.47 1.07  ± 0.22 1.08  ± 0.1 N.S N.S N.S. 

 608 

  609 
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 610 

Supplementary Figure 1 Cascade of amyloid and tau in pseudo-time. The rising points of 611 

SUVr of amyloid PET and regional tau PET were estimated by logistic regression.  612 
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 613 

 614 

Supplementary Figure 2 Examples of outliers which show atypical pattern of tau distribution. 615 

Each row is the average image of outliers in cluster 0 (top), cluster 1, and cluster 2 (bottom). 616 

 617 
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