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• Amyloid deposition is a biomarker of prodromal 
Alzheimer’s disease that can be measured by the 
Pittsburgh compound B (PiB) PET. In this study, we use 
artificial neural networks to investigate the relation 
between sex, age, education, and white matter 
hyperintensities using a data driven approach.

In this study, we investigated how these features could 
impact the prediction of PiB Standardized uptake value 
ratio (SUVR).
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• We included 82 participants with both longitudinal 
cognitive and MRI data (mean age 74.9, 69.1% females, 
and 85.2% white).  

• 187 MRI time-points, and 215 time-points of PiB amyloid 
imaging were included. MR images were acquired on a 3T 
Siemens scanner. PET images  were acquired on a Siemens 
ECAT HR+ PET scanner.

• PET images were coregistered to MPRAGE using 
Automatic Image Registration and segmented with hand-
drawn volumes of interest (1,2).  

• WMH Segmentation methods are described in Wu et al. (3)
• WMH, Age, and Education were normalized to the range 

[0,1] by dividing all data by the maximum value found in 
the training dataset. Sex was encoded one-hot.

• To compensate for the sex imbalance in the dataset we 
compared the results when oversampling males and 
undersampling females. 

• We used a four-layer Multilayer Perceptron Model with 256, 
128, 64, and 32 hidden units respectively using ReLu 
nonlinearity and Mean Squared Error Loss. 

• We computed the average gradient magnitude for each weight 
connecting an input feature and the first hidden layer to 
measure the relevance of each feature for training.

• We computed the relevance and importance of each feature 
for each bootstrapped test set

• We employed a dropout layer between the first two layers 
with a dropout rate of .5.

• We trained our model for 50 epochs using the RMSprop 
optimizer with an early stopping patience of 10 epochs

• Bootstrapping was used to validate our results
• A Wilcoxon signed-rank test with Bonferroni correction was 

used between feature relevance and feature importance values 
computed from the same test set.

• Both methods achieved an average MSE of .39 with no 
significant difference in model accuracy 

• Of the 91 feature relevance comparisons, 57 and 37 
were significant in the oversampled and undersampled 
datasets, respectively.

• The female feature relevance was the only feature to be 
significantly different from all other features in the 
oversampled results.

• In the undersampled results, female feature relevance is 
still higher than all other no-WMH features

• Undersampling shows a similar ordering of relevance 
for age, education, and sex compared to oversampling

• In both, WMH in the right temporal lobe is not 
important for prediction of Aβ

Results

• Our results indicate a different risk architecture for Aβ 
burden in females.

While under and oversampling allowed us to improve the 
prediction of the model, there are clear differences in the 
explanations these models produced. These results indicate 
that comparing WMH features to age, education, and sex is 
complicated. It is likely that the smaller training sample 
size in the undersampled data increased the variance of the 
feature relevance values. However, it is also possible the 
oversampling is biasing the results. The later seems less 
likely since being male should not have such a low mean.


