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SUMMARY

Accurate diagnosis and precise estimation of disease progression states are crucial for developing effective 

treatment plans for patients with parkinsonism. Although various deep learning-based computer-aided diag

nostic models have demonstrated benefits, they have been relatively underexplored in parkinsonism owing 

to limited data and lack of external validation. We introduce the hierarchical wavelet diffusion autoencoder 

(HWDAE), a generative self-supervised model trained with 1,934 dopamine transporter positron emission 

tomography (DAT PET) images. HWDAE learns relevant disease traits during generative training, prior to su

pervision with human labels, as evidenced by its ability to synthesize realistic images representing different 

disease states of Parkinson’s disease. The pretrained HWDAE is subsequently adapted for two differential 

diagnostic tasks and one disease progression estimation task, tested on images from two medical centers. 

Our training approach introduces a paradigm for deep learning research utilizing PET and expands the 

potential of DAT PET as a biomarker for Parkinson’s disease.

INTRODUCTION

Parkinson’s disease (PD) is the second most prevalent neurode

generative disorder after Alzheimer’s disease. Although its inci

dence rate is increasing globally with the rise in life expectancy,1

a validated diagnostic or disease progression biomarker for PD 

is lacking. This has caused clinicians to primarily rely on clinical 

findings, including patient history, neurological examination, 

medication response, and, when available, structural and func

tional imaging, such as presynaptic dopaminergic imaging using 

single-photon emission computed tomography (SPECT) or posi

tron emission tomography (PET). Dopamine transporter (DAT) 

SPECT has been used to differentiate patients with parkinsonism 

for over a decade following its approval by the US Food and Drug 

Administration2 and the European Medicines Agency.3 DAT 

SPECT has demonstrated greater than 90% sensitivity in differ

entiating between PD, multiple system atrophy (MSA), and pro

gressive supranuclear palsy (PSP) from non-presynaptic dopa

minergic parkinsonism and has led to diagnosis and treatment 

changes in 31% and 54% of patients, respectively.4,5 In addition, 

PET imaging using DAT radiotracers discriminated patients with 

PD from controls or those with essential tremor (ET) with perfor

mance comparable to that of DAT SPECT.6–8 Additionally, 

several studies have longitudinally observed the changes in the 

brain structures or radioligand uptake patterns in patients with 

PD.9 Various imaging modalities, such as T1-weighted structural 

magnetic resonance imaging (MRI), iron-sensitive MRI, and 

dopaminergic PET/SPECT, have been identified as potential dis

ease progression biomarkers, although their roles appear to vary 

by disease stage.9

Previously, most research on DAT SPECT or PET images 

involved calculating the DAT availability for the regions of interest 
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(ROIs), such as the caudate, putamen, and ventral striatum. This 

required precise spatial registration of individual PET images to 

structural brain region atlases defined on computed tomogra

phy, MRI, or PET templates; alternatively, physicians manually 

drew the boundaries of these ROIs directly on the PET im

ages.10–16 In addition, calculating the DAT availability reduced 

the information in the PET images to a few scalar values, poten

tially resulting in the loss of important details, such as the gradual 

uptake gradient from the anterior to posterior putamen. How

ever, with the advent of deep learning (DL) techniques, more 

in-depth and varied levels of the image features in big datasets 

can be extracted, allowing for the exploration of information 

that may have been previously overlooked. For instance, DL 

has been applied to presynaptic dopamine PET imaging for 

binary classification of PD and healthy controls, achieving an 

area under the curve (AUC) of 0.96 and a sensitivity of 

91.5%.17 Surprisingly, without additional clinical information, 

machine learning (ML) and DL models were able to discriminate 

between patients with PD and atypical parkinsonism with an 

AUC of at least 0.90.17,18

Although DAT PET images have high resolutions and are effec

tive in discriminating patients with parkinsonism, their high 

costs, the relatively small number of medical centers with avail

able PET scanners, and the scarcity of nuclear medicine special

ists with expertise in interpreting DAT PET images hinder their 

practical use. Accordingly, building DL models, which usually 

require extensive training data, is particularly challenging. As a 

promising solution to this dilemma, self-supervised learning 

(SSL) has been introduced for pretext upstream tasks. In SSL, 

DL models learn semantic image features through the data rather 

than from handcrafted ground-truth labels. Various SSL strate

gies have demonstrated performance improvements across 

diverse medical imaging modalities, such as chest radiography, 

fundus images, MRI, and pathology slides.19–22 Among various 

SSL strategies, generative models (GMs) learn latent representa

tions and data distributions simultaneously, enabling latent 

space manipulation and new image generation. In particular, 

among the numerous GMs, diffusion models have dominated 

the image generation field, reaching state-of-the-art perfor

mance in image synthesis,23–25 text-to-image synthesis,26–28

and image editing.29 However, it remains unclear whether the 

ability to generate realistic images also translates to capturing 

image semantics relevant for discrimination tasks such as differ

ential diagnosis or disease progression prediction. Building on 

prior studies that proposed diffusion models as foundation 

models for classification tasks, from natural images30 to chest 

radiographs,31 or for constructing semantically meaningful latent 

spaces using brain MRI,32 we adopted diffusion models to 

assess their ability to represent brain PET images. Unlike 

masked autoencoders and other SSL methods, diffusion models 

also support latent vector manipulation, offering capabilities for 

PET image editing and enhanced model explainability.

In this study, we aimed to build upstream SSL models using the 

DAT PET scans of patients with parkinsonism and evaluate the 

models using three downstream tasks: (1) binary classification of 

ET vs. early PD (motor symptom duration < 1 year) (EP task), (2) 

multi-class classification of PD vs. MSA vs. PSP (PMP task), and 

(3) regression of the onset year of motor symptoms of PD (SOY 

task) (Figure 1A). For qualitative evaluation of the upstream 

models, we visualized their latent spaces and manipulated them 

to synthesize new PET images. For the upstream models, we sug

gested diffusion models with two modifications—a hierarchical se

mantic encoder33 and wavelet transformation of the input im

ages—and compared them with other types of GMs. Notably, 

we expanded some of the GM architectures from two dimensions 

(2D) to three dimensions (3D), which are yet to be sufficiently 

explored in this field. This expansion was essential, as the DAT up

take patterns of target brain structures, such as the striatum, are 

inherently in 3D, and subregional reduced uptake patterns are 

not easily captured in individual cross-sectional slices. Previous 

studies presenting high AUC values when classifying patients 

with parkinsonism often lacked the use of external validation data

sets.18,34,35 We evaluated our models on the data from three 

different PET scanners at two medical centers to verify the model’s 

generalizability. Through this study, we demonstrated that SSL us

ing diffusion models can learn semantic image representations in 

the absence of labels, which signifies its potential as a general-pur

pose DL model in PD-related tasks. Lastly, we reconfirmed the sig

nificance of DAT PET as a potential disease biomarker of PD.

RESULTS

For the upstream task, we propose a modified version of the diffu

sion models, called hierarchical wavelet diffusion autoencoder 

(HWDAE), which adopts a semantic encoder outside the U-Net ar

chitecture as in the hierarchical diffusion autoencoder (HDAE)33

and discrete wavelet transform (DWT)36 preprocessing of input im

ages. HWDAE was compared with the denoising diffusion autoen

coder (DDAE),30 which uses the bottleneck layer of U-Net as the 

latent space instead of a separate semantic encoder. The same 

wavelet transform preprocessing was applied to the DDAE, which 

we denoted as the wavelet DDAE (WDDAE) (Figure 1B). In addition 

to the diffusion models (HWDAE, HDAE, DDAE, and WDDAE), we 

also evaluated the following upstream models: simple masked im

age modeling (SimMIM),37 disruptive autoencoder (DisAE),38 and 

pixel2style2pixel (P2S2P).39 We set the anchor model as 3D 

ResNet34. For the downstream tasks, we used three different 

methods to train each upstream model: linear probing (LP), scratch 

(SC), and fine-tuning (FT). The models were trained for the down

stream tasks using 5-fold cross-validation (5CV). Thus, the mean 

performance of the five models evaluated on the same hold-out 

test set was reported. Paired t tests were conducted to compare 

different upstream models, using the five performance values ob

tained from each model architecture.

Figure 1. Overall workflow and model architectures 

(A) Workflow from upstream to downstream tasks. 

(B) Simplified architectures of the HWDAE and WDDAE, with input images preprocessed using discrete wavelet transform (DWT). The encoders of the HWDAE 

and WDDAE used in the downstream tasks are highlighted as blue lines. The HDAE and DDAE have similar architectures to those of the HWDAE and WDDAE, 

respectively, but lack DWT preprocessing and include an additional layer in the encoder and decoder of the U-Net architecture.
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Dataset

Of the 3,102 3D N-(3-fluoropropyl)-2β-carboxymethoxy-3β-(4- 

iodophenyl) nortropane (18F-FP-CIT) PET images from 2,939 pa

tients at the Asan Medical Center (AMC), 2,672 images from 

2,600 patients were selected after applying the exclusion criteria 

and removing the images that failed the visual quality check dur

ing preprocessing (Figure S1). All of these images were acquired 

using a PET scanner, either Bio40 or Vision. We used the images 

from Bio40 (AMC1) for upstream model training, downstream 

model training, and downstream internal testing, whereas the 

images from Vision (AMC2) were used solely for downstream 

external testing. An additional dataset from Soonchunhyang Uni

versity Seoul Hospital (SCH) using a Bio128 scanner was 

included for further external testing. The test sets for the down

stream tasks comprised unseen images and patients from both 

the upstream and downstream training stages. A total of 1,934 

images from AMC1 were used for upstream model training. 

The dataset configuration and sizes are described in Figures 2

and S2. For the EP and PMP tasks, the AMC1 training and test 

sets were adjusted to balance the number of images from pa

tients with PD with those from other classes, while the AMC2 

and SCH test sets remained unchanged. Reflecting real-world 

clinical distributions, images from patients with PSP were less 

frequent than those from patients with PD and MSA in the 

AMC2 test set. In comparison, the SCH test set, being regis

try-based, had a different patient composition from the other 

test sets. Overall, while patients with ET and PD had similar 

mean ages, patients with MSA were generally younger and pa

tients with PSP older than patients with PD at the time of image 

acquisition across all training and test sets. For the SOY task, as 

most patients underwent PET scans during their initial evalua

tion, the data were right skewed toward longer onset years. 

The median time interval between motor symptom onset and im

age acquisition was 2 years for both the AMC1 training and test 

sets, as well as the AMC2 test set. Additional details on patient 

sex and age at image acquisition for both upstream and down

stream models are provided in Table S1. Lastly, for the SOY 

task, we created an additional test set of 30 patients with PD 

who underwent two PET scans using the same Bio40 scanner 

at different time intervals.

Figure 2. Data composition of downstream tasks 

(A) Data composition of the EP task depicted using heatmap. 

(B) Data composition of the PMP task. 

(C) Data composition of the SOY task. The total number, median, quartile 1, and quartile 3 values are provided for each training/test set. 

See also Figure S2 and Table S1.
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Classification of ET and early PD (EP task)

The model performance of the EP task is presented in Figures 3A 

and S3 and Table S2. Images labeled as early PD were defined 

as those from patients with a motor symptom duration of less 

than 1 year. For the EP task, we tested only with LP, as the 

HWDAE achieved a mean AUC (mAUC) close to one in the 

AMC1 test set, making SC or FT unnecessary. On the internal 

test set AMC1 and external test set AMC2, HWDAE achieved 

the highest mAUCs of 0.997 (95% confidence interval [CI]: 

0.994, 1) and 0.994 (0.993, 0.994), respectively, among all up

stream models. However, on the external test set SCH, 

WDDAE showed the highest mAUC of 0.988 (0.984, 0.992). In 

comparison, the supervised model ResNet34 reached a perfect 

mAUC of 1 on all test sets, probably owing to the relative 

simplicity of the EP task. On AMC1, HWDAE and WDDAE had 

comparable mAUCs to that of ResNet34 (paired t test p = 0.21, 

0.08), but ResNet34 significantly outperformed all upstream 

models on the external test sets (p < 0.003 for all). The t-distrib

uted stochastic neighbor embedding (t-SNE) of the latent space 

of the HWDAE semantic encoder, which was frozen for this task, 

is shown in Figure 3B. Although the semantic encoder was 

trained with images from AMC1 only, it effectively distinguishes 

images from AMC2 and SCH. In addition, the images are auto

matically clustered based on the ET and early PD labels. The oc

clusion sensitivity map40 of the HWDAE with LP revealed that 

masking regions corresponding to the putamen resulted in a 

higher probability of predicting PD and a lower probability of pre

dicting ET (Figure S7).

Classification of PD, MSA, and PSP (PMP task)

The model performance of the PMP task is presented in 

Figures 4 and S4 and Tables S3–S8. For the PMP task, we 

tested all three methods (LP, SC, and FT) to determine whether 

FT outperformed LP and SC. We selected the macro-averaged 

area under the precision-recall curve (AP) as the primary evalu

ation metric, owing to the class imbalance of the test sets, and 

additionally calculated the micro-averaged AP, macro/micro- 

averaged AUC, and weighted F1 score. For the HWDAE, we 

used the third block of its semantic encoder out of five for LP, 

SC, and FT. The use of all five blocks led to overfitting on the in

ternal test set AMC1; hence, we chose the third block that best 

distinguished the PD, MSA, and PSP classes based on visual 

inspection of the t-SNE plots of each block following FT 

(Figure S5).

The HWDAE with FT achieved the highest mean macro-aver

aged AP across all three test sets: 0.861 (95% CI: 0.854, 

0.868) for AMC1, 0.733 (0.705, 0.762) for AMC2, and 0.761 

(0.742, 0.78) for SCH, compared with all upstream models and 

ResNet34 (HWDAE vs. ResNet34 paired t test p = 0.06, 0.008, 

and 0.17, respectively). Although P2S2P with FT reached the 

second-highest mean macro-averaged AP on the internal test 

set AMC1, the diffusion models WDDAE and DDAE ranked sec

ond or third on the two external test sets AMC2 and SCH. While 

some upstream models reached mean macro-averaged AP 

values comparable to those of the HWDAE with FT, most models 

exhibited performance variability across different test sets, un

like the HWDAE with FT.

In general, for most upstream models, FT outperformed SC, 

and SC outperformed LP on the test sets. However, some 

models, such as P2S2P, WDDAE, DDAE, and HDAE, showed 

an interesting trend where LP achieved a higher mean macro- 

averaged AP than FT or SC, particularly on the SCH test set. 

Additionally, in models like HDAE, DisAE, and SimMIM, FT did 

not improve the mean macro-averaged AP compared with SC, 

whereas in other models, it consistently enhanced performance 

across all test sets. Consistent with its superior performance in 

terms of mean macro-averaged AP, the HWDAE with FT gener

ally achieved the highest mean macro/micro-averaged AUC, 

mean micro-averaged AP, mean weighted F1 score, and mean 

balanced accuracy across the three test sets.

The t-SNE of the latent space from the third block of HWDAE 

after FT is shown in Figure 4B. The three datasets form distinct 

clusters, with images from patients with PD, MSA, and PSP 

grouped within each cluster. The occlusion sensitivity maps 

and Guided GradCAMs40 of the HWDAE with FT for PD, MSA- 

parkinsonian (MSA-P) subtype, MSA-cerebellar (MSA-C) sub

type, and PSP are shown in Figures S8–S10. Although the 

PMP task was not designed to differentiate between MSA sub

types, we generated separate maps for the MSA-P and 

MSA-C subtypes to observe potential differences between 

them. In the occlusion sensitivity maps, masking regions corre

sponding to the putamen, ventral striatum, and caudate 

increased the probability of predicting PD, MSA-P (or MSA-C), 

and PSP, respectively. However, the Guided GradCAM results 

Figure 3. Boxplot and t-SNE of the EP task 

(A) AUC of each model across test sets. For each 

model and test set, five AUC values from 5-fold 

cross-validation are depicted in a boxplot. 

Models are listed in the decreasing order of the 

AUC on the test set AMC1. 

(B) t-SNE drawn using the latent space of the 

HWDAE. Each circle corresponds to each PET 

image. Images from both training and test sets are 

included. 

See also Figures S3 and S7 and Tables S2, S12, 

and S14.
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were less informative; although activation was focused on the 

striatum, no consistent subregional patterns emerged across 

classes.

Regression of motor symptom onset prediction (SOY 

task)

The model performance of the SOY task is presented in Figure 5

and Table S9. Here, the downstream task was to predict the 

symptom onset year, which was defined as the time interval in 

years between the initiation of motor symptoms and PET image 

acquisition. We used the mean coefficient of determination (R2)41

and concordance correlation coefficient (CCC)42 as the primary 

and secondary evaluation metrics, respectively. Additionally, we 

calculated the Pearson correlation coefficient (R) using scatter

plots of the predicted vs. true symptom onset years. The pre

dicted onset years were averaged over the results from five folds. 

The SCH dataset was excluded for this task, as all its symptom 

onset years fell within the 0–4 range, lacking images from 

advanced disease stages.

On the internal test set AMC1, the WDDAE with FT had the high

est mean R2 of 0.519 (95% CI: 0.5, 0.537) across all upstream 

models and ResNet34 (WDDAE vs. ResNet34 paired t test 

p = 0.129). On the external test set AMC2, the HWDAE with FT 

significantly outperformed all models with a mean R2 of 0.588 

(0.579, 0.596) (HWDAE vs. ResNet34 p = 0.042). A similar trend 

was observed for the mean CCC, with 0.736 (0.727, 0.745) for 

the WDDAE with FT on AMC1 (WDDAE vs. ResNet34 p = 0.092) 

and 0.733 (0.727, 0.738) for the HWDAE with FT on AMC2 

(HWDAE vs. ResNet34 p = 0.07). Upon visual inspection of the 

AMC1 test set images with residual years (predicted onset year 

– true onset year) outside one standard deviation, we observed 

that the extent of putaminal uptake degradation deviated from 

that of the other images with similar onset years (Figure S6).

As in the PMP task, the mean R2 and CCC values increased for 

most upstream models as the training method was changed 

from LP to SC to FT. Notably, regarding LP, the HWDAE showed 

exceptional performance in both AMC1 and AMC2, whereas the 

other upstream models had mean R2 values near zero or even 

negative. All upstream models and ResNet34 had higher mean 

R2 and CCC values than the multivariate linear regression model 

using specific/nonspecific binding ratios (SNBRs) of the striatal 

subregions (ventral striatum, anterior/posterior caudate, and 

anterior/posterior putamen), which resulted in mean R2 values 

of 0.34 (0.336, 0.344) for AMC1 and 0.311 (0.308, 0.314) for 

AMC2 and mean CCC values of 0.490 (0.482, 0.5) for AMC1 

and 0.458 (0.451, 0.464) for AMC2.

Scatter and Bland-Altman plots were generated for the 

models with the highest R2 values for AMC1 (Figures 5C and 

5E) and AMC2 (Figures 5D and 5F). For both AMC1 and AMC2, 

most of the estimation errors fell within the 95% limits of agree

ment for the images from patients with onset years of <5 years, 

whereas several images from those with onset years of ≥5 years 

fell outside the 95% limit. For patients with onset years of <5 

years, the model showed a downward trend of the Bland- 

Altman plots, predicting onset years closer to the middle values. 

Moreover, the model tended to underestimate the onset year for 

those with onset years of >10 years.

Figures 6A and 6B display the t-SNE of the latent space from 

the WDDAE after FT. Each circle, representing an image, showed 

a general trend of shifting toward the right as the onset year 

increased, indicating that the WDDAE successfully embedded 

the progression of PD from the early to advanced stages. A 

similar trend was found in Figure 6D, where the baseline and 

follow-up images of 30 patients with PD with repeated scans 

are marked with arrows per patient.

The Guided GradCAMs of the HWDAE with FT for patients with 

onset years of <5 and >10 years revealed that the model primar

ily focused on the putamen in cases with onset years of <5 years 

while displaying more varied activation across striatal subre

gions and the raphe nuclei in cases with onset years of >10 years 

(Figure S11).

Additionally, we analyzed the relationship between the acqui

sition time interval between the baseline and follow-up images 

and their model-predicted time interval. Because the model 

struggled to accurately predict the onset years for images from 

patients with advanced PD (Figure 6E), the discrepancy between 

the true and predicted time intervals increases with an increase 

in the true time interval (Figure 6C).

Qualitative evaluation of upstream model latent spaces

Figure 7 shows the t-SNE plots for downstream tasks of the up

stream HWDAE model before any FT. In other words, the latent 

space of the HWDAE was used immediately after the upstream 

SSL process. The HWDAE was selected over other upstream 

models because it most frequently demonstrated the best per

formance across the three downstream tasks and test sets.

Latent vectors from images with normal PET findings were 

clustered together and clearly distinguished from those of pa

tients with PD (Figures 7A and 7D), whereas no distinct clus

tering patterns were observed among those of patients with 

PD, MSA, and PSP (Figure 7B), most likely owing to the insuffi

cient number of images from the patients with MSA and PSP in 

Figure 4. Bar plots and t-SNE of the PMP task 

Models are listed in the decreasing order of AP with fine-tuning on the test set AMC1. 

(A) Mean macro-averaged AP. 

(B) t-SNE drawn using the latent space of the third block of the HWDAE after fine-tuning. 

(C) Mean AP of PD versus others. 

(D) Mean AP of MSA versus others. 

(E) Mean AP of PSP versus others. 

(F) Mean AUC. 

(G) Mean micro-averaged AP. 

(H) Mean weighted F1 score of upstream models with fine-tuning. Thick lines in each bar represent the results of the model trained from scratch. Error bars and 

transparent ranges around dashed lines denote the 95% confidence intervals. 

See also Figures S4, S5, S8–S10, and S15 and Tables S3–S8, S10–S11, S13, and S15.
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Figure 5. Bar, scatter, and Bland-Altman plots of the SOY task 

Models are listed in the decreasing order of R2 with fine-tuning on the test set AMC1. 

(A) Bar plot of mean R2. 

(B) Bar plot of mean CCC. 

The scatter and Bland-Altman plots were generated using the upstream model with the highest mean R2 in each test set. 

(C) Scatterplot of predicted vs. true onset years with a regression line and p value for AMC1 using the WDDAE upstream model. 

(D) Scatterplot for AMC2 using the HWDAE upstream model. 

(E) Bland-Altman plot for AMC1 using the WDDAE upstream model. 

(F) Bland-Altman plot for AMC2 using the HWDAE upstream model. The y axis was calculated by subtracting the ground truth from the model-predicted values. 

See also Figures S6 and S11 and Tables S9 and S16.
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the upstream training set. Although the trend was not as pro

nounced as in the t-SNE of the WDDAE after FT (Figure 6A), 

the t-SNE showed a mild shifting trend from the bottom right 

to the top left as the onset years increased (Figure 7C). Most ar

rows connecting the baseline to the follow-up latent vectors of 

the 30 patients with PD were directed toward the top right, 

consistent with the results in Figure 7D. Lastly, for all three 

tasks, images acquired with different scanners formed sepa

rate clusters (Figures 7A–7C).

For a more in-depth evaluation of the latent space, we manip

ulated the images along the four direction vectors representing 

disease progression. The mean latent vectors of the images 

with normal PET findings, patients with PD with onset years of 

<5 years, and those with onset years of ≥5 years were used to 

define the four direction vectors (Figure 7D). The manipulated im

ages showed reasonable changes in the striatal uptake values 

along each direction vector (Figure 7F).

Examples of randomly and unconditionally generated images 

from the WDDAE, DDAE, and generator component (StyleGAN2) 

of P2S2P, as well as the reconstructed images from the HWDAE, 

HDAE, P2S2P, SimMIM, and DisAE, are presented in Figures 

S12–S15. Upon visual inspection, the reconstructed images of 

the HWDAE most closely resembled the striatal uptake patterns 

of the original images.

Figure 6. t-SNE, scatter, and line plots of the SOY task comparing baseline and follow-ups 

(A and B) were plotted with the training and test sets of AMC1. The onset years were categorized into 12 classes. 

(C–E) Compare the baseline and follow-up images of the 30 patients with PD. 

All images were generated using the WDDAE after fine-tuning. (A) t-SNE of the latent space. (B) Mean of each class (0–11∼) added to (A). (C) Scatterplot of 

predicted vs. true onset year gap between the baseline and follow-up images with a regression line and p value. (D) Latent of baseline and follow-up images added 

to (A). The arrows connect the baseline and follow-up latents of the same patients, and the numbers next to the circles denote the true onset years. (E) Line plot of 

each patient’s true and predicted onset years with the baseline and follow-up images. Each patient is represented by a pair of red and blue lines.
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DISCUSSION

In this study, we proposed a 3D generative SSL model, the 

HWDAE, and evaluated its potential as a general-purpose DL 

model for analyzing 18F-FP-CIT PET images obtained from pa

tients with parkinsonism. We assessed and compared the per

formance of the HWDAE with those of other SSL models for 

various downstream tasks, as well as the visualization and 

manipulation of its latent space. Although the HWDAE with LP 

or FT did not always outperform the reference model (3D 

ResNet34 with SC), its consistently strong performance across 

all three downstream tasks on both the internal and external 

test sets demonstrates that our generative pretraining method 

effectively captured the image representations of PD.

For 18F-FP-CIT PET to serve as a valid biomarker for PD, it 

should be a quantifiable, objective, reproducible, and accurate 

indicator of diagnosis, disease progression, and treatment 

response.43 Since DL-based image feature extraction supports 

objectivity and quantifiability, we focused on improving the ac

curacy and reproducibility of 18F-FP-CIT PET across three pre

diction tasks using SSL. In the case of the EP task, although nu

clear medicine physicians have reported high reliability in visually 

differentiating PD from ET or other non-neurodegenerative 

parkinsonism using DAT imaging,44 sensitivity remains lower 

than the near-perfect specificity,45 and some expert disagree

ments persist.46 Furthermore, distinguishing PD from atypical 

parkinsonism remains challenging even for experienced neurol

ogists.47 In this study, along with diffusion models such as the 

WDDAE and DDAE, the HWDAE attained high AUC and AP 

values in both the EP and PMP tasks. In the EP task, most 

models demonstrated outstanding performance in distinguish

ing ET from early PD. We also conducted an additional experi

ment for binary classification of PET images, comparing the im

ages from patients with ET, drug-induced parkinsonism (DIP), or 

vascular parkinsonism (VP) who had normal PET findings with 

those from patients with early PD. As expected, most of the up

stream models and ResNet34 consistently exhibited exceptional 

performances (Table S12). In comparison, both the mean AUC 

and AP values were generally lower in the PMP task. In our DL 

models evaluated on the AMC1 test set, a general trend of 

confusing the images from patients with PD and MSA was 

observed, with most misclassifications occurring in MSA-P sub

type patients rather than MSA-C subtype patients (Figure S16; 

Table S13). Furthermore, in the AMC1 and AMC2 test sets, all im

ages from MSA-P patients showed striatal uptake signal loss, 

whereas some from MSA-C patients had normal PET findings. 

Our results align with those of previous studies, suggesting 

possible differences in the uptake pattern between MSA sub

types,48–50 and indicate that separating the PET images by the 

MSA subtype may be necessary for a more accurate evaluation 

of DL models. Although some of the previous DL models using 

DAT PET images have achieved similar AUC results, they often 

lacked external validation,18,35 raising concerns about their 

generalizability. We addressed this issue by using the data 

from multiple scanners and medical centers to conclude that 

self-supervised diffusion models can improve the model perfor

mance on unseen datasets. To rigorously verify reproducibility, 
18F-FP-CIT PET images from the same patients obtained using 

different scanners at different locations are needed to evaluate 

the HWDAE’s classification performance. Due to the retrospec

tive nature of our study, such datasets were unavailable. 

However, the HWDAE’s relatively consistent performance on 

external test sets suggests its potential reliability in same-patient 

settings.

Another essential aspect of a biomarker is its ability to stratify 

patients by disease progression and treatment responses for 

possible clinical trials. The SOY task, trained to predict disease 

duration using only 18F-FP-CIT PET images, illustrates how 

DAT uptake changes from early to advanced disease stages. 

The mean R2 and CCC values of this task were generally moder

ate, and the differences between the model-predicted onset 

years and true onset years increased when the true onset years 

exceeded approximately 5 years. Although our training set for 

the SOY task exhibited a notable data imbalance with a right- 

skewed distribution (Figure 2C), potentially leading to an insuffi

cient number of training images for patients in the advanced 

stages of PD, it has been reported that dopaminergic function 

imaging becomes less sensitive in these later stages.9,51,52 We 

also showed that although 18F-FP-CIT PET images may have 

limitations as a disease progression biomarker covering all 

stages of PD, DL applied to 18F-FP-CIT PET can extract the im

age features more closely associated with disease duration 

when compared with striatal SNBRs. Additionally, the increasing 

variability in the differences between image-predicted and chro

nological disease duration among patients with advanced PD 

suggests that the rate of DAT availability decline may vary among 

patients, reflecting the heterogeneity of PD. While most clinical 

trials for disease-modifying treatments in neurodegenerative dis

eases tend to be concentrated on early-stage patients, identi

fying patients with advanced PD with relatively preserved DAT 

availability, as quantified by image-predicted disease duration, 

may help assess varying treatment responses among subjects. 

Thus, imaging features of 18F-FP-CIT PET may contribute to 

the stratification of patients with PD and potentially assist in 

Figure 7. t-SNE and latent space manipulation using HWDAE without fine-tuning 

(A–E) Plotted using (A–C) both AMC1 training/test set and AMC2 test set and (D and E) using AMC1 training/test set only. (A) t-SNE of images from patients with 

PD vs. those diagnosed with either vascular parkinsonism, drug-induced parkinsonism, or ET, all of whom had normal PET findings. (B) t-SNE of images from 

patients with PD vs. MSA vs. PSP. (C) t-SNE of images from patients with PD grouped by symptom onset years. (D) t-SNE of images from the patients with normal 

PET findings as in (A) and patients with PD grouped by symptom onset years. The mean latent vector of each group and four direction vectors. (E) Latent of 

baseline and follow-up images of the 30 patients added to (D). The arrows connect the baseline and follow-up latents of the same patients, and the numbers next 

to circles denote the true onset years. 

(F) Example input and manipulated images. The input images were from patients with normal PET findings and with symptom onset years of <5 years, <5 years, 

and ≥5 years, corresponding to dir1 through dir4 from (D), respectively. The manipulated images are arranged in the order of increasing multiplication factors of 

each direction vector. 

See also Figures S12–S15.
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patient selection and treatment response interpretation in thera

peutic interventions.

Rather than simply using the latent space of upstream SSL 

models for specific tasks through FT, we took a step further by 

dissecting the latent space by hierarchical blocks of the 

HWDAE’s encoder. Although the HWDAE’s encoder appeared 

to successfully reconstruct the input images and outperformed 

other upstream models on the test set AMC1, its results fluctu

ated on AMC2 and SCH. We hypothesized that the model was 

focusing on both high- and low-level features, possibly including 

features that were less relevant to the downstream tasks. By se

lecting the third block for FT, we observed a more stable perfor

mance across different test sets and hyperparameter tuning 

ablation studies (Tables S10 and S11). Thus, we suggest that uti

lizing specific blocks of the latent space in upstream SSL models 

could be a potential solution to mitigate overfitting. However, 

further studies are needed, as we could not identify specific 

blocks responsible for other downstream tasks.

After confirming that the HWDAE with LP, where latent vectors 

were frozen, showed moderate performance in the SOY task and 

that t-SNE without FT displayed a gradient from low to high onset 

years—indicating the HWDAE’s ability to learn the semantics of 
18F-FP-CIT PET imaging without human supervision—we gener

ated PET images corresponding to different disease durations 

through latent space manipulation. The latent space of the 

HWDAE synthesized plausible PET images that allowed us to 

move backward or forward in time specific to each patient. 

The synthesized images enabled individualized visualization of 

the nigrostriatal degeneration process over time, which can be 

valuable for educational purposes for both students and pa

tients. Looking forward, manipulating the latent space based 

on other clinical features related to PD progression, such as 

Hoehn and Yahr scales and Unified Parkinson’s Disease Rating 

Scale scores, could enhance the model’s interpretability and 

elucidate the relationship between 18F-FP-CIT PET imaging 

and disease progression. This approach is particularly relevant, 

as disease progression or stage cannot solely be determined 

by onset years but also by symptom severity, given the variability 

in clinical progression among patients with PD with similar onset 

years.

We initially hypothesized that a single SSL upstream model 

would outperform other SSL models in all downstream tasks. 

However, we observed that differential diagnosis and disease 

progression tasks may rely on different image features from 

distinct SSL models, as noted in previous studies on Alzheimer’s 

disease classification and brain age regression using MRI.53,54 In 

our study, SimMIM showed the poorest performance in the EP 

and PMP tasks but achieved relatively high performance in the 

SOY task. The HWDAE and WDDAE with LP demonstrated 

similar performances in the EP and the PMP tasks, although 

the HWDAE with LP outperformed the WDDAE by a large margin 

in the SOY task. Furthermore, no single SSL model outper

formed the reference model ResNet34 across all downstream 

tasks and test sets. Although developing a general-purpose DL 

model for various tasks and datasets remains challenging, the 

HWDAE consistently emerged as the top SSL model in most of 

our tasks and datasets. In addition to its strong performance, 

the HWDAE offers advantages in the model training process. In 

the case of P2S2P, we had to adopt the cascade method for 

training its generator owing to its training instability. For the 

DDAE, an additional tuning process for the optimal noise level 

was needed, as its performance could vary with the time steps. 

Lastly, the performance of ResNet34 fluctuated considerably 

depending on the hyperparameter settings, such as the base 

learning rate and batch size (Tables S10 and S11).

Another technique that we applied to diffusion models was 

DWT preprocessing. We constructed our diffusion models using 

3D convolutional neural networks to eliminate the need to select 

2D image slices that encompass the ROIs, thereby mitigating 

experimenter bias and the labor-intensive process associated 

with large datasets. To accommodate the high-resolution input 

images and computational demands of 3D models, we used 

DWT preprocessing, which has been utilized in several studies 

to address data shortages55 or to manage high-dimensional 

feature maps.56 With DWT preprocessing, although models 

converged more slowly compared to those without DWT prepro

cessing, we could increase the initial number of channels in both 

the HDAE (from 8) and the DDAE (from 16) to 128. In addition, we 

observed consistent performance gains when DWT was added 

to the HDAE, forming the HWDAE.

In conclusion, we developed a GM for SSL of 18F-FP-CIT PET 

images of patients with parkinsonism and validated its image 

representation ability across multiple center settings. On diverse 

downstream tasks encompassing both classification and 

regression, the HWDAE showed strong performance in addition 

to an impressive ability to capture semantic image features 

without supervision. Notably, while the model showed satisfac

tory performance in classifying PD from ET, its ability to differen

tiate PD from atypical parkinsonism, such as MSA and PSP, 

highlights its potential clinical utility. Given the clinical challenge 

of distinguishing PD from other degenerative parkinsonism due 

to overlapping motor and nonmotor symptoms, the HWDAE 

could be a valuable diagnostic aid in clinical practice. Through 

this study, we once again demonstrated that GMs are capable 

of learning both low- and high-level features, thus broadening 

their applicability in both image generation and discrimination. 

SSL-based general-purpose DL models of PET images offer a 

solution for adapting DL techniques to real clinical environments 

with limited GPU resources while also pushing the boundaries of 
18F-FP-CIT PET imaging as a potential biomarker for PD.

Limitations of the study

Our study has several limitations. First, the diagnoses of patients 

were based on clinical diagnostic criteria rather than pathological 

confirmation. Second, we did not have PET images from normal 

controls, as the data were retrospectively collected in a real- 

world setting. Third, in the SOY task, the motor symptom onset 

years were estimated based on patient interviews, which may 

not be perfectly accurate. Fourth, 18F-FP-CIT PET images from 

other atypical parkinsonism, such as dementia with Lewy bodies 

or corticobasal degeneration, were not included. Fifth, detailed 

demographics and clinical characteristics beyond sex and age 

at PET image acquisition were not reported, as data collection 

was limited to variables essential for downstream tasks.

We also encountered some limitations regarding model 

training. First, despite our efforts to create balanced training 
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and test sets, the images from patients with PD in the early 

stages of the disease were predominant when compared with 

those from patients with MSA, PSP, and advanced PD. This 

data imbalance was also present in the dataset used for up

stream SSL model training, which may have limited the models’ 

ability to learn latent representations of the minor classes. This 

could explain why FT was not always superior to SC and why 

our HWDAE with FT or LP did not consistently outperform 

ResNet34. Second, the images used in the training process of 

the downstream tasks were also included in the upstream 

training, which may have led to overfitting on the internal test 

set AMC1. We faced a data shortage in training the upstream 

models, as DL models typically require large datasets, and 
18F-FP-CIT PET is not a commonly available imaging modality. 

However, we plan to expand our dataset and address this limita

tion in the future. Third, SSL models are affected by the back

bone architecture. Although we followed the encoder architec

ture used in previous studies by truncating the U-Net of the 

DDAE in the middle, the optimal encoder architecture for our 

downstream tasks requires further experimentation. Fourth, 

SSL models, including the HWDAE, rely on large model sizes 

and require long training hours for optimization. However, once 

optimized, they can be shared among researchers as general- 

purpose DL models. Fifth, hyperparameters for the upstream 

models were not strictly standardized across architectures. For 

example, the maximum number of epochs was chosen to ensure 

model stability in generating or reconstructing images, resulting 

in variations across models. To address this, we conducted an 

experiment where all upstream models were uniformly trained 

for 500 epochs. While some performance fluctuations occurred 

across tasks and test sets, no model showed a dramatic change 

in ranking or consistent performance gain compared to previous 

results (Tables S14–S16). Lastly, the performance gains 

achieved using the HWDAE as a pretrained model should be 

further validated on other brain imaging modalities, such as 

structural MRI sequences.
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15. Gómez, F.J.G., Huertas, I., Ramı́rez, J.A.L., and Solı́s, D.G. (2018). Elabo

ración de una plantilla de SPM para la normalización de imágenes de PET 
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STAR★METHODS

KEY RESOURCES TABLE

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Asan Medical Center (AMC) dataset

We retrospectively collected the data of patients who visited the movement disorder clinic at the AMC from January 2005 to March 

2022. Patients diagnosed with PD, MSA, PSP, ET, and other types of secondary parkinsonism were included. The United Kingdom 

PD Society Brain Bank criteria,57 probable MSA criteria from the second consensus statement on the diagnosis of MSA,58 probable 

PSP criteria from the Movement Disorder Society criteria for PSP,59 and diagnostic criteria for ET60 were utilized. For the diagnosis of 

PD, only patients whose 18F-FP-CIT PET scans showed striatal uptake signal loss, visually confirmed by nuclear medicine specialists, 

were included. Although some patients with intact dopamine transporter binding may ultimately be diagnosed with PD, others may 

have different movement disorders,61 potentially introducing false class labels and contaminating the model. The clinical diagnoses 

of secondary parkinsonism were based on the clinical presentation and imaging findings evaluated by movement specialists. To 

perform qualitative evaluations of our models, we also included the data of patients diagnosed as VP or DIP. Among patients with 

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

Source codes, model weights, and 

synthesized images

GitHub: https://github.com/Krying/PD_SSL_ZOO https://doi.org/10.5281/zenodo.15377683

Software and algorithms

Python (3.10.13) https://www.python.org RRID: SCR_008394

PyTorch (2.1.2) https://pytorch.org RRID: SCR_018536

NVIDIA CUDA (12.1) https://developer.nvidia.com N/A

accelerate (0.26.1) https://github.com/huggingface/accelerate N/A

ema-pytorch (0.3.0) https://github.com/lucidrains/ema-pytorch N/A

xformers (0.0.23.post1) https://facebookresearch.github.io/xformers/ N/A

monai (1.3.0) https://monai.io/ N/A

numpy (1.26.2) https://numpy.org/ RRID: SCR_008633

SimpleITK (2.2.0) https://simpleitk.org/ RRID: SCR_024693

PyWavelets (1.5.0) https://github.com/PyWavelets/pywt RRID: SCR_024421

Scipy (1.14.1) https://scipy.org/ RRID: SCR_008058

Matplotlib (3.9.2) https://matplotlib.org RRID: SCR_008624

Captum (0.7.0) https://captum.ai/ N/A

Scikit-learn (1.4.0) http://scikit-learn.org/ RRID: SCR_002577

SimMIM, DisAE https://github.com/Project-MONAI/ 

research-contributions/tree/main/DAE

N/A

HWDAE, HDAE, WDDAE, DDAE https://github.com/Project-MONAI/ 

GenerativeModels/tree/main/generative

N/A

WDDAE, DDAE https://github.com/lucidrains/ 

denoising-diffusion-pytorch

N/A

StyleGAN2 https://github.com/lucidrains/stylegan2-pytorch N/A

P2S2P https://github.com/eladrich/pixel2style2pixel N/A

SynthStrip https://surfer.nmr.mgh.harvard.edu/ 

pub/dist/freesurfer/dev/

N/A

HD-BET https://github.com/MIC-DKFZ/HD-BET N/A

MATLAB version 2022b Mathworks RRID: SCR_001622

SPM12 https://www.fil.ion.ucl.ac.uk/spm/software/spm12/ RRID: SCR_007037

Other

GPU RTX A6000 48 GB Nvidia Corp., Santa Clara, California. N/A
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normal PET findings, those with bilateral deep cerebral white matter hyperintensities or basal ganglia lesions on MRI were classified 

as having VP, whereas those with parkinsonism following dopamine-blocking or -depleting medications were classified as hav

ing DIP.

Only patients who undertook both 18F-FP-CIT PET and brain MRI scans at the AMC and who were assessed by the two designated 

movement specialists (SJC and SJ) were included. Exclusions were made for patients with PET and MRI scans over 5 years apart, 

significant PET image artifacts, ischemic striatum lesions on the PET, scans acquired post-deep brain stimulation surgery, or PET 

scans with slice thickness greater than 1.5 mm. Additionally, the time interval between the onset of parkinsonism and PET scan 

acquisition was calculated based on medical records from routine clinical visits.

Soonchunhyang University Seoul Hospital (SCH) dataset

For the external validation of our trained model, we collected the 18F-FP-CIT PET scans from patients at the SCH movement disorder 

clinic between December 2016 and March 2024. The same diagnostic criteria were applied by a movement specialist (K-YK) to iden

tify patients with PD, MSA, PSP, and ET. The same exclusion criteria were used, except that because all PET scans had a slice thick

ness of 3.4 mm, no images were excluded based on the slice thickness.

Ethics

This study was approved by the institutional review board at the Asan Medical Center (IRB 2022-0614) and Soonchunhyang Univer

sity Seoul Hospital, Seoul, South Korea (IRB 2024-01-014). Written informed consent from participants was waived by the ethics 

committees because of the retrospective nature of the study.

METHOD DETAILS

18F-FP-CIT PET image acquisition

Asan Medical Center (AMC)

N-(3-fluoropropyl)-2β-carboxymethoxy-3β-(4-iodophenyl) nortropane (18F-FP-CIT) was synthesized according to the method previ

ously described in literature.62 18F-FP-CIT PET scans were acquired utilizing two scanners, the Biograph TruePoint 40 (Bio40) and 

Vision 600 (Vision) (Siemens, Knoxville, TN, USA), 180 min after the intravenous administration of 185 MBq 18F-FP-CIT. These scan

ners achieve an in-plane spatial resolution of 2.0 mm full width at half maximum at the center of the field of view. A low-dose brain 

computed tomography (CT) scan, typically at 120 kVp and 20 mAs with a slice thickness of 1.5 mm, was performed immediately prior 

to the PET imaging to assist in image fusion and attenuation correction. The PET scanning duration was ten minutes for Bio40 and 

seven minutes for Vision, both conducted in the three-dimensional mode. For image reconstruction, we employed the TrueX algo

rithm for Bio40 and also time-of-flight implementation for Vision by using all-pass filters across 336 × 336 (Bio40) and 440 × 440 

(Vision) matrices.

Soonchunhyang University Seoul Hospital (SCH)
18F-FP-CIT PET scans were completed using a single scanner, Biograph 128 mCT (Bio128; Siemens, Erlangen, Germany) with an in- 

plane spatial resolution of 2.0 mm full width at half maximum from the center of the field of view. Prior to PET image acquisition, CT 

scans were obtained using the CARE Dose4D system at 120 kVp and 100 mAs with a slice thickness of 3.0 mm and an increment of 

1.5 mm. Two hours after the intravenous injection of 185 MBq 18F-FP-CIT, images were acquired for 10 min. Attenuation-corrected 

PET images were reconstructed using the TrueX algorithm and time-of-flight implementation, with Gaussian filters across 400 × 400 

matrices. Before being uploaded to the hospital’s Picture Archiving and Communication System (PACS), the images were processed 

to have a slice thickness of 3.4 mm, an inter-slice distance of 3.0 mm, and voxel intensities within the range of [0, 10-13].

T1 MRI image acquisition

Asan Medical Center (AMC)

All brain MRI T1 images were acquired in the axial orientation with parameters presented as median [IQR] values, reflecting the 

parameter variations resulting from the retrospective design of the study: TR 450.0 ms [6.5, 450.0], TE 8.0 ms [3.0, 10.8], flip angle 

69.0◦ [9.0, 70.0], x-, y-voxel spacing 0.5 × 0.5 mm [0.4, 0.5], slice thickness 5.0 mm [2.0, 5.0], and spacing between slices 7.0 mm 

[2.0, 7.5]. A total of nine scanners with magnetic fields of 1.5 T and 3.0 T from three different vendors were used: Achieva 1.5T and 

3.0T, Ingenia 3.0T (Philips), Magnetom Avanto 1.5T, Vision 1.5 T, Skyra 3.0T, Vida 3.0T (Siemens), Signa Architect 3.0T, and Signa 

CV/i 1.5T (General Electric). Because the T1 images were used solely for PET image registration to the Montreal Neurological Institute 

template and no analysis was performed on the T1 images themselves, we imposed no restrictions on the MRI acquisition settings.

Soonchunhyang University Seoul Hospital

All T1 images were obtained in the axial orientation with the following parameters expressed as median [IQR] values: TR 2020.0 ms 

[7.5, 2275.1], TE 3.5 ms [2.6, 21.3], flip angle 9.0◦ [8.0, 111.0], x-, y-voxel spacing 0.4 × 0.4 mm [0.4, 0.4], slice thickness 2.0 mm 

[2.0, 4.0], and spacing between slices 5.0 mm [5.0, 6.4]. The scanners used for image acquisition are as follows: Ingenia CX 

3T (Philips), Sonata 1.5T, Magnetom Skyra 3.0T, Vida 3.0T (Siemens), Discovery MR750w 3T, and Signa Pioneer 3T (General 

Electric).
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18F-FP-CIT PET and T1 MRI image preprocessing

We first converted the PET and MRI images from the DICOM to NIfTI format and removed the skulls using SynthStrip63 for PET and 

HD-BET64 for MRI images. After bias field correction, the T1 images were co-registered to the corresponding PET images. Since the 

time interval between T1 and PET acquisition ranged from 0 to 1,811 days, potentially affecting co-registration accuracy, we 

compared normalized mutual information values between 100 image pairs acquired on the same day and the 100 pairs with the 

longest intervals. Both groups had a mean of 1.34 and a standard deviation of 0.02, with an independent t test yielding a p-value 

of 0.43, indicating that co-registration performance did not significantly vary with time intervals. T1 images were then normalized 

to the MNI template using SPM12 software (Statistical Parametric Mapping, the Wellcome Trust Centre for Neuroimaging) on 

MATLAB 2022b. Next, we applied the inverse deformation map obtained from the previous normalization step to the following 

ROIs from the brain atlases defined in the same MNI space: ventral striatum, caudate, putamen, limbic, executive, and sensorimotor 

striatum from the Oxford-GSK-Imanova structural65 and connectivity66 striatal atlases, and calcarine cortex from the Automated 

Anatomical Labelling Atlas 3.67 Accordingly, we obtained the ROI mask on the native space of the co-registered T1 and PET images. 

The mean uptake values of the ROIs were used to calculate the SNBR using the following equation: (mean uptake value of bilateral 

ROIs – mean uptake value of bilateral calcarine cortices)/(mean uptake value of bilateral calcarine cortices). For training and testing of 

the model, the PET images were intensity normalized by dividing by the mean uptake value of the bilateral calcarine cortices of each 

image. Subsequently, all images were normalized by clipping and dividing by the 99th percentile intensity value of all voxels across all 

images. Finally, we cropped the PET images to a uniform size of 192 × 192 × 96, centered on the nonzero region of each image.

DWT

Discrete Harr Wavelet transform68 was applied to the input images, producing eight channels of half-resolution wavelet 

coefficients (lll, hll, lhl, llh, lhh, hlh, hhl, hhh). After channel-wise concatenation, the input size changed from 1 × 192 × 192 × 96 

(channel × height × width × depth) to 8 × 96 × 96 × 48. The model outputs, consisting of wavelet coefficients, were converted 

back into images using inverse DWT.

Diffusion model architecture and implementation

Two model architectures (with and without a semantic encoder) and input types (images with and without DWT) resulted in four diffu

sion models: DDAE, HDAE, WDDAE, and HWDAE (Figures 1B and S17).

DDAE30 used the Denoising Diffusion Probabilistic Model (DDPM)69 U-Net architecture, and the model performance was tested on 

2D, small-sized (32 × 32 or 64 × 64), natural images. For the downstream tasks, the latent space from the U-Net encoder was pro

cessed with global average pooling and a linear classifier for the prediction. However, we modified the DDAE to accept 3D inputs. 

Additionally, DDPM was replaced by Simple Diffusion,56 and the min-SNR technique70 was added for more stable and faster conver

gence of input images of high resolution. For the implementation, we used the shifted cosine scheduler,56 2 batches per GPU, a 

learning rate (LR) of 2e-5, maximum iterations of 400,000 for DDAE and 650,000 for WDDAE, and the AdamW optimizer71 (betas 

(0.9, 0.999), weight decay 0.05). Data augmentation techniques including rotation, flip, translation, Gaussian noise, and scaling 

were applied with a probability of 0.1. Lastly, the latent spaces of our DDAE and WDDAE model resulted in a 512-sized vector. 

The training took 7 days for both DDAE and WDDAE.

HDAE consists of a conditional Denoising Diffusion Implicit Model (DDIM)72 and semantic encoder. The semantic encoder extracts 

semantic image features from the input images, which are then used as conditions for the DDIM U-Net. Importantly, these image 

features or latent vectors are fed into the corresponding DDIM encoder and decoder layers hierarchically, with low-level latent vec

tors to the low-level layers. Similar to DDAE, we changed the model architecture to accept 3D inputs and replaced DDIM with DDPM. 

Further, we used the linear beta noise scheduler69 with 1,000 timesteps, 2 batched per GPU, cosine decay LR scheduler73 (base 

4e-5, end LR 2e-5), and a maximum of 300 epochs for HDAE and 500 epochs for HWDAE, requiring 8 and 15 days, respectively. 

The resulting latent vectors, sized 512 × 6 for HDAE and 512 × 5 for HWDAE, were concatenated for the downstream tasks.

Other model architectures and implementation

We compared the diffusion models to two other types of self-supervised learning (SSL) models: Generative Adversarial Network 

(GAN) and Masked Autoencoder (MAE).

Among the GAN models, we selected StyleGAN274 and combined its generator with the Pixel2Style2Pixel (P2S2P)39 encoder to 

extract the latent vectors of the input images (Figure S18). We modified the StyleGAN2 architecture to accept the 3D images as inputs 

and trained it using cascaded learning, generating images at progressively higher resolutions: 48 × 48 × 24, 96 × 96 × 48, and final 

full resolution of 192 × 192 × 96. The initial input size of the generator was 6 × 6 × 3. Throughout the cascaded learning process, we 

reduced the LR of the generator from 1e-5 to 5e-6 and finally to 1e-6, whereas the LR of the discriminator was reduced from 1.5e-5 to 

7.5e-6 and then to 1.5e-6. We progressively adjusted the batch size per GPU from 20 to 5 and then to 2, and the number of epochs 

from 30 to 35 and finally to 40, with training durations of 2, 3, and 13 days, respectively. The Adam optimizer (betas (0.5, 0.9)) was 

used. The generator and discriminator were each composed of 6 blocks, and hinge loss75 was used. After training StyleGAN2, we 

retained the generator and kept it frozen while training the P2S2P encoder. The encoder, which consisted of 24 squeeze-excitation 

blocks for feature extraction and 12 map2style blocks for latent vector generation, resulted in latent vectors (W + space) sized 
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512 × 12. L2 loss was used for training the encoder, with a LR of 1e-6 and batch size of two. The training lasted for 110 epochs over 

4 days. We utilized the AdamW optimizer (betas (0.9, 0.999)) with a weight decay of 5e-4.

For the MAE, we chose Simple Masked Image Modeling (SimMIM)37 and Disruptive AutoEncoder (DisAE)38 (Figures S19–S20). 

SimMIM learns image representations by reconstructing randomly masked areas of the input images. We used Swin-ViT76 as the 

encoder with L1 loss, setting the mask patch size to 32 × 32 × 32 with a masking ratio of 0.6. SimMIM was trained with a batch 

size of 2, using a cosine decay LR scheduler with a base LR of 5e-4 and an end LR of 5e-6. The training spanned 300 epochs 

and lasted 6 days. We used the AdamW optimizer (betas (0.9, 0.999)) with a weight decay of 0.05. DisAE shared the same encoder 

architecture and masking ratio as SimMIM, but masked random channels instead of patches. The model downsampled the input 

images by four scales and added Gaussian noise (variance 0.1), after which the channels were randomly masked. DisAE learned 

the latent representations by simultaneously reconstructing the masked channels, denoising, and performing super-resolution. L1 

loss was used. DisAE was trained with a batch size of two, using a cosine decay LR scheduler with a base LR of 4e-4 and an end 

LR of 1e-5. We trained the model for 300 epochs over the course of 7 days. The AdamW optimizer (betas (0.9, 0.999)) with a weight 

decay of 0.05 was used. The encoders of SimMIM and DisAE were used for the downstream tasks.

Hyperparameter selection: Maximum number of epochs for upstream models

During upstream training, we validated the reconstructed or generated images at regular intervals to confirm convergence. For 

HDAE, DisAE, and SimMIM, we selected 300 epochs, as stable reconstruction was observed after 200 epochs. For P2S2P, we chose 

110 epochs based on stable reconstruction after 65 epochs. Models without DWT, such as DDAE and HDAE, converged faster, so we 

scaled training epochs by a factor of 5/3 for DWT models. DDAE and HDAE achieved stable reconstruction at 400,000 iterations and 

300 epochs, respectively. For DWT models, we extended training to 650,000 iterations for WDDAE and 500 epochs for HWDAE.

Adaptation to downstream tasks

We applied three training strategies—LP, SC, and FT—to the downstream tasks. All these methods share the same model architec

ture, wherein a trainable linear classifier was added to the last layer of the pretrained upstream models. We used 3D ResNet34 as the 

reference model, applying its best hyperparameter settings to adapt all upstream models.

In LP, the pretrained encoders of the upstream models were kept frozen, and a fully connected, trainable linear classifier was 

added. We used a base LR of 1e-3 with a polynomial LR scheduler, warm-up epoch of 10, and a maximum epoch of 50, 50, and 

30 for the EP, PMP, and SOY tasks, respectively.

In FT, the pre-trained weights were updated through optimization. We used a cosine decay LR scheduler73 with a base LR of 2e-5 

for PMP and 1e-4 for SOY, with a maximum epoch of 40 and 30 and a warm-up epoch of 20 and 10, respectively. SC used randomly 

initialized weights instead of pretrained encoder weights. Except for SC of the PMP task, where we used a maximum epoch of 60, SC 

shared identical training settings with FT.

The following additional implementation details apply to all three strategies. We used the same optimizer and data augmentation 

settings as in the diffusion upstream models. Cross-entropy loss with a label smoothing of 0.1 was employed for the classification, 

whereas Huber loss was applied for regression. For the EP, PMP, and SOY tasks, we selected the best epochs based on the lowest 

cross-entropy loss, the highest micro-averaged AUC, and the lowest Huber loss in their respective validation sets. Owing to compu

tational resource limitations, we set the batch size to three for SimMIM, DisAE, and P2S2P, and to six for the diffusion models. For the 

DDAE and WDDAE models, minimal noise was added to the input images with a timestep of 0.002.

For model explainability and visualization, we generated Guided GradCAM and occlusion sensitivity maps for selected AMC1 test 

set images. These included images for which the following models correctly predicted the class in classification tasks or achieved low 

mean absolute error in the regression task: HWDAE with LP for the EP task, and HWDAE with FT for the PMP and SOY tasks. The 

maps were min-max normalized to a range of 0 to 100 per image for visualization purposes. Occlusion sensitivity is shown for the EP 

task, both Guided GradCAM and occlusion sensitivity for the PMP task, and Guided GradCAM for the SOY task.

Latent space manipulation

We first calculated the mean of 100 randomly selected latent vectors from each of the following groups: patients with normal PET 

findings and diagnosed with ET, VP, DIP, or PD with onset years <5 y, and those with onset years ≥5 y (Figure 7D). The means 

were subtracted from each other and normalized to generate four direction vectors connecting the three groups. The entire process 

was repeated five times, and the results were averaged to obtain the final direction vectors. In Figure 7F, we added the direction vec

tors, multiplied by gradually increasing factors, to the latent vectors of input images.

Computational hardware and software

All implementations were conducted using Python 3.10.13 with the PyTorch framework (version 2.1.2, CUDA 12.1). We used accel

erate (v0.26.1), ema-pytorch (v0.3.0), xformers (v0.0.23.post1), and monai (v1.3.0) to train the upstream models. PET image process

ing was performed using numpy (v1.26.2) and SimpleITK (v2.2.0), DWT with PyWavelets (v1.5.0), statistical analysis with SciPy 

(v1.14.1), normalized mutual information calculation with Scikit-image (v0.24.0), plotting with Matplotlib (v3.9.2), Guided 

GradCAM with Captum (v0.7.0), and occlusion sensitivity with monai (v1.3.0). The evaluation metrics were calculated using Scikit- 

learn (v1.4.0).
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We referred to publicly available source codes for model implementation. For DDAE, WDDAE, HDAE, and HWDAE, we used the 

MONAI Generative Models repository (https://github.com/Project-MONAI/GenerativeModels/tree/main/generative)77 and a diffu

sion model implementation (https://github.com/lucidrains/denoising-diffusion-pytorch). SimMIM and DisAE were implemented 

based on the official DisAE repository (https://github.com/Project-MONAI/research-contributions/tree/main/DAE). For 3D style

GAN2 and P2S2P, we adapted existing 2D model repositories (https://github.com/lucidrains/stylegan2-pytorch, https://github. 

com/eladrich/pixel2style2pixel) to support 3D inputs. All experiments, including the upstream and downstream, were run on a single 

NVIDIA RTXA6000 48 GB GPU.

QUANTIFICATION AND STATISTICAL ANALYSIS

Evaluation metrics

In the EP task, the AUC was evaluated, and in the PMP task, the AP (macro- and micro-averaged), AUC, and weighted F1 were eval

uated. Macro-average is the arithmetic mean of the class-wise metrics, whereas micro-average is the arithmetic mean calculated 

across the inputs of all classes to assess the contribution of each input to the overall metric. The weighted F1 score is the weighted 

mean of the F1 score of each class, which is calculated as the harmonic mean of precision and recall. The balanced accuracy is the 

arithmetic mean of sensitivity and specificity.

In the SOY task, we mainly reported R2 and CCC. R2 represents the proportion of variance in the dependent variable and measures 

the goodness of fit for a regression model. R2 is defined as

R2 = 1 −
SSres

SStot

;

where SSres denotes the sum of the squared residuals (differences between true and predicted values), and SStot represents the total 

sum of the squares (difference between true values and their mean). CCC measures the agreement between the true and predicted 

values as

CCC =
2ρxyσxσy

σ2
x+σ2

y+
(
μx − μy

)2
;

where x is the true value, y the predicted value, ρxy the Pearson correlation between x and y, σ2
x and σ2

y the variances, and μx and μy the 

means. The evaluation metrics for each task are reported in the Results subsections and visualized in Figure 3 (EP task), 4 (PMP task), 

and 5 and 6 (SOY task).

Data fold splitting and statistical analysis

We trained all models using only the AMC1 training set and evaluated them on one internal (AMC1) and two external (AMC2 and SCH) 

test sets. The entire AMC1 dataset was randomly split into five folds, and one fold was selected as the internal test set. The remaining 

four folds were further divided into five folds again for 5CV. The models were ranked based on the mean performance of the five folds 

from 5CV and tested on the internal and external test sets. We compared the models using a paired t test on the five-fold results of 

each model, with the resulting p-values reported in the Results subsections. We applied an independent t test for the Pearson’s cor

relation coefficients in Figure 5C, d, and 6c. All tests were conducted with a two-sided significance level of 0.05. The 95% CIs for the 

performance metrics were defined as the mean ± (1.96×standard error), where the standard error was calculated by dividing the 

standard deviation of the five folds by 
̅̅̅
5

√
.
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