
UCSF
UC San Francisco Electronic Theses and Dissertations

Title
A Comparison of FDG and Amyloid PET for the Deep Learning Prediction of Alzheimer’s 
Disease in Underprivileged Communities

Permalink
https://escholarship.org/uc/item/30x523fd

Author
Upadhyaya, Bishal Neupane

Publication Date
2020
 
Peer reviewed|Thesis/dissertation

eScholarship.org Powered by the California Digital Library
University of California

https://escholarship.org/uc/item/30x523fd
https://escholarship.org
http://www.cdlib.org/


 

 

 
 
 
by 
 
 
 
 
Submitted in partial satisfaction of the requirements for degree of 
 
 
in 
 
 
 
in the 
 
GRADUATE DIVISION 
of the 
UNIVERSITY OF CALIFORNIA, SAN FRANCISCO 
 
 
 
 
 
 
 
 
 
 
 
 
Approved: 
 
______________________________________________________________________________ 

       Chair 
 
 

______________________________________________________________________________ 

______________________________________________________________________________ 

______________________________________________________________________________ 

______________________________________________________________________________ 
Committee Members 

Biomedical Imaging

Bishal Luc Upadhyaya

MASTER OF SCIENCE

A Comparison of FDG and Amyloid PET for the Deep Learning Prediction of 

Alzheimer’s Disease in Underprivileged Communities

THESIS

Youngho Seo

Valentina Pedoia

Jae Ho Sohn

Peder Larson



 ii 

 

 

 

 

 

 

 

 

 

 

 
 
 
 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 iii 

A Comparison of FDG and Amyloid PET for the Deep Learning Prediction of 

Alzheimer’s Disease in Underprivileged Communities  

Bishal Luc Upadhyaya 

Abstract:  

The onset of Alzheimer’s Disease (AD) may begin up to 20 years before clinical 

symptoms are apparent. It is a challenge for clinicians to treat, as the best medical 

outcome is temporarily slowing the onset of the disease before it becomes ultimately 

fatal. Due to economic and social pressure AD places on the affected individual and 

their families, it is particularly burdensome to low-to-middle income countries (LMCIs). 

Thankfully, cutting-edge deep learning models are being developed to predict the 

diagnosis of AD before clinical symptoms manifest. These DL models most commonly 

use the biomarker FDG, although amyloid-PET (florbetapir) has also become prevalent. 

FDG is the more accessible and affordable biomarker, whereas, florbetapir detects the 

amyloid plaque that is theorized to be directly responsible for the neuronal death in AD 

and may be the better detector of the disease. To determine the most practical 

biomarker for LMICs, we utilized low-resolution datasets of FDG-PET and amyloid-PET 

provided by the Alzheimer’s Disease Neuroimaging Initiative to train two DL models with 

a 3D image classification framework. The FDG-PET and amyloid-PET models resulted 

in AUCs of 0.919 and 0.891 on their respective test sets. We conclude the difference of 

DL performance between the two biomarkers trained on low-resolution PET data is 

negligible. Thereby, as the modestly priced and universal biomarker, FDG-PET is the 

practical option for LMICs and other financially vulnerable communities for the 

prediction of a future AD diagnosis. 
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1. Introduction 

Alzheimer’s disease is a degenerative brain disease which may begin 20 years 

before clinical symptoms are apparent [1]. Its common symptoms are memory loss, 

confusion with time or place, poor judgement and changes in mood and personality. 

Patients in late stages of AD may develop compromised bodily functions, such as with 

walking and swallowing, making the disease fatal [1][2]. Fortunately, treatment options 

to slow the onset of AD and even restore memory have been developed and are being 

further explored [5][18].  

Even so, dementia is globally underrecognized, underdiagnosed and 

undertreated as many of its symptoms are perceived as normal aging [2]. Significant 

social and economic burdens fall upon those diagnosed with AD as well as their family. 

Those in low-to-middle-income countries (LMICs), where dementia is the most common 

contributor to elder disability, are most significantly handicapped [21]. Community health 

workers in these regions have attempted to diagnose AD independently but this resulted 

in a high false positive rate [9][20]. Modern DL frameworks to predict the neurological 

disease are a promising solution.  

FDG-PET scans have been well established for the DL model training of the 

early prediction and diagnosis of AD, and amyloid-PET trained models are currently 

being explored [7][8][11][13]. These models show promise because much of the 

neuronal death attributed to AD is theorized to be caused by amyloid plaque build-up at 

neuronal synapses [1]. Amyloid is also the earliest detectable biomarker associated with 

the onset of AD [12]. In contrast, the FDG-PET models measure the differences in brain 
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metabolism due to the disease’s progression. The biomarker FDG is also more wide-

spread and affordable -- the most accessible PET biomarker, including for LMICs [14]. 

The Alzheimer’s Disease Neuroimaging Initiative (ADNI) is the largest and most 

comprehensive project for the study of AD [3][4]. To determine the most practical option 

for financially vulnerable patients, we will compare the performance of DL models 

trained FDG-PET and amyloid-PET datasets provided by ADNI.  

 

2. Methods 

2.1 Data Retrieval 

Imaging studies of amyloid-PET (2623 total volumes from 1612 patients ranging 

from March 2011 to April 2019) and FDG-PET (2837 total volumes from 2006 patients 

ranging from December 2005 to February 2020) were collected from the ADNI database 

in the NIfTI file format. The data informing the final diagnosis and diagnosis date of each 

patient was also downloaded from the ADNI web portal. Detailed inclusion and 

exclusion criteria and the PET imaging protocol for ADNI can be found at 

http://adni.loni.usc.edu/methods/documents/ [3]. The datasets are slightly imbalanced. 

The FDG dataset contains 2837 scans with the eventual diagnosis of 634 CN, 1059 

MCI and 965 AD, and the amyloid dataset contains 2623 scans with the eventual 

diagnosis of 1008 CN, 953 MCI and 662 AD. Each of the datasets were divided by an 

80|10|10 split for the training, validation and testing purposes of the DL models. Every 

scan of an individual patient was grouped into either training, validation or testing at the 

patient level to prevent data leakage.  

 

http://adni.loni.usc.edu/methods/documents/
http://adni.loni.usc.edu/methods/documents/
http://adni.loni.usc.edu/methods/documents/
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2.2 Data Pre-processing 

The data was downloaded using the ADNI web portal for the pre-processed data 

as described by option 4 under PET Preprocessing on the following link 

http://adni.loni.usc.edu/methods/pet-analysis-method/pet-analysis/. This dataset type is 

co-registered to correct for motion, uniformly interpolated, and filtered depending upon 

the resolution of PET scanner used by ADNI participating institutions. Each PET volume 

of the FDG and florbetapir datasets are of the shape 96x160x160 with a voxel size of 

1.5 cubic mm. The resolutions are 8 mm FWHM, matched to the lowest resolution 

scanners used for the ADNI trials [3]. 

 

2.3 Data Augmentation 

Custom data augmentation classes were created to expand the usability of the 

FDG and amyloid datasets. They were not applied to the validation or testing data 

loaders. 

2.3.1 Random Vertical Flipping. This method takes advantage of the bilateral symmetry 

of the brain, and substitutes of the brain’s left hemisphere with the right hemisphere and 

vice versa. Every image is given a 50% chance to be flipped. If flipped, the image 

remains stagnant across the y and z axis, and the voxel values are reversed across the 

x-axis.  

2.3.2 Random Intensity Jitter. Observation of the dataset reveals a significant variance 

in brightness across PET volumes. Adding more variance to the intensity of the training 

dataset provides the model a wider brightness window for AD-specific feature detection.  

Every image is given a 50% chance to be brightened or darkened. Then, the image is 

http://adni.loni.usc.edu/methods/pet-analysis-method/pet-analysis/
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brightened or darkened by a factor between 1 and X chosen at random. The intensity 

factor, X, was set as 1.3 for both FDG-PET and amyloid-PET models. 

 

2.4 Model Training 

A pretrained ResNet50 convolutional neural network downloaded from the 

MedicalNet Github repository was used for this study. It was pre-trained on a 

multicentre collection of eight 3D medical datasets named 3D Seg8. These datasets are 

composed of MR and CT scans of various medically prevalent imaging locations such 

as the brain, heart, prostate and spleen [6]. 

MedicalNet was designed for segmentation but its weights have been 

demonstrated to generalize successfully for classification [6]. To convert the model for 

AD prediction, the up-sampling layer was removed and replaced with a fully connected 

layer for prediction. A detailed conversion of the MedicalNet model can be seen on 

Figure 3. Modifications to the classical ResNet50 model was also made. A dropout layer 

with a rate of 0.45 was also utilized. 

The 96x160x160 PET volumes were loaded onto two NVIDIA Titan RTX GPUs. 

A batch size of 8, a binary cross entropy loss function, the Adam optimizer, with an 

initial learning rate of 0.0001 and no added momentum, and 100 epochs were used to 

train both FDG and amyloid models. Models were saved at every epoch. The models 

that produced the highest AUC with respective test sets were selected for comparison. 

Hyperparameters were empirically determined. Pytorch and its Tensorflow backend was 

used to load and modify the pretrained MedicalNet neural networks. The Python 3.6 

environment was used to run all scripts.  
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2.5 Model Inference and Data Analysis 

The ROC curve and AUC values were calculated using the original prediction 

vector. Then thresholds were found for the prediction arrays to maximize their sum of 

accuracy, sensitivity and specificity in reference to the ground truth. The confusion 

matrix was also created using this threshold. The sklearn library was used to produce 

the aforementioned performance metrics and seaborn library was used to create the 

confusion matrix heatmap graphic.  

 

3. Results 

Demographics 

As shown on Table 1, there were 1393 patients with 2837 PET scans in the FDG 

dataset and 1231 patients with 2623 scans in the amyloid dataset. The average age of 

female patients scans within the FDG and amyloid datasets were respectively 73.4 and 

72.6, whereas the average ages of males were respectively 75.2 and 74.7. The mean 

follow-up period between PET scan acquisition and final, future diagnoses were 43.3 

months for the FDG dataset and 36.0 months for the amyloid dataset.    

 

Model Training 

A comparison of DL performance metrics is shown on Table 2. The FDG and amyloid 

prediction models boast respective sensitivities of 89.7% and 88.6%, specificities of 

75.9% and 74.8%, and accuracies of 85.1% and 84.1% Finally, a ROC curve 
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comparison is shown on Figure 4. The AUCs of the FDG and amyloid models are 

91.9% and 89.1% respectively. 

 

4. Discussion 

We have trained DL models using FDG-PET and amyloid-PET datasets for the 

early prediction of AD. The final AUC was 0.919 for the FDG-PET model and 0.891 for 

the amyloid-PET model.  

A few directions could be taken to fully validate the comparison between FDG 

and amyloid CNNs. Hyperparameter optimization could be used to tune the learning 

pattern, layers trainable and the intensity factor of data augmentation. To maximize 

prediction force further, ensemble learning with unsupervised DL models could also be 

implemented. It has been demonstrated that the AD clinicals outcomes are well 

predicted by regression models of PET datasets [9]. Therefore, an ensemble of the 

amyloid and FDG models and their respective random forest regression models, for 

example, could increase the predictive power of AD diagnosis.  

Amyloid-PET may still play a vital role for the prediction and diagnosis of 

Alzheimer’s disease, as our conclusion pertains to the FDG and amyloid DL model 

performance on specifically low-resolution data. Amyloid models could yet out-perform 

the FDG models with a controlled comparison on higher resolution data. Moreover, 

amyloid DL models could be ensembled with FDG-PET and other models such as MRI 

to optimize predictions and diagnoses of AD. Previous work has shown amyloid/FDG 

co-registered PET scans improve the predictive performance of AD classifiers [7]. 
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While our data shows the FDG-PET model performance is superior, the 

difference may be due to the dataset imbalances. For example, the FDG dataset 

contained more scans with an eventual AD diagnosis compared to that of the amyloid 

dataset. The imbalance makes it difficult to conclude whether or not FDG-PET scans 

have a higher predictive power of AD as compared to amyloid-PET. Nevertheless, as 

FDG-PET scans are more widely available and less costly than amyloid-PET scans, it is 

clear that FDG-PET is the preferable option for LMICs and those seeking affordable 

options. 

The dataset imbalance was one limitation to our study, and the ResNet50 model 

may be another. MedicalNet is a novel transfer learning framework for 3D classification 

but limited us to the use of ResNet [6]. Our model performances could perhaps have 

been bolstered by a similar DenseNet framework trained on the 3D Seg8 dataset [21]. 

More research must be conducted to delineate the uses of FDG-PET and 

amyloid-PET for the early detection and diagnosis of AD. This study concludes that 

FDG-PET is the preferable option for the financially vulnerable to predict the future 

diagnosis of Alzheimer’s Disease. 
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Figures and Tables 

 

Figure 1. Exclusion Flow Chart for a) Amyloid-PET dataset and b) FDG-PET dataset 

 

 

 
Figure 2. Data Augmentations applied to the training set. (a) Random Vertical flip  

(b) Random Intensity Jitter 
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Figure 3. The MedicalNet framework converted into an AD prediction classifier
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Figure 3. Confusion matrices of the FDG model (left) versus the amyloid model (right) 
on the test set. 
 

 

 

Table 2. FDG/amyloid comparison of standard DL metrics. 

 FDG Amyloid 

Accuracy (%) 85.1 84.1 

Sensitivity (%) 89.7 88.6 

Specificity (%) 75.9 74.8 

AUC (%) 91.9 89.1 
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Figure 4. ROC curve comparison of the FDG and amyloid models. 
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