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• Our models are validated on the Alzheimer’s Disease 
Neuroimaging Initiative (ADNI) database 

• Study included 1560 patients, with 574 of them being CN, 762 
being MCI, and 224 being AD  

• Synthetic Minority Oversampling Technique (SMOTE) analysis 
was employed to attenuate the imbalance of classification towards 
the most dominating feature of the input data 

• We applied both 2D and 3D PET brain scans to best stage the 
patients’s mental status 

• processed the 3D scans through a convolutional neural 
network (CNN1), which learned the location of each 2D slice on 
the spatial axis 

• 2D scans deemed non-informative by CNN1 were filtered out 
of our study 

• The remaining data is passed through CNN2, with similar 
parameters and hidden layers as CNN1 

• CNN2 has 3 output classes, corresponding to CN, MCI and 
AD - the diagnosis of the patients

•  Our work demonstrates the ability to apply transfer learning 
across multiple modalities 

• The main limitation of the 2D slice-level approach is that MRI 
is 3-dimensional, whereas the 2D convolutional filters analyze all 
slices of a subject independently 

• Overcame the problem of there being too many ways to select 
slices that are used as input (as not all of them may be 
informative) 

• Another problem was that 3D computing on its own is much 
more computationally expensive than 2D 

• Training a model on entirely 3D scans is not feasible for 
traditional computing resources 

• Our results show that the complementary information from the 
3D scans can be incorporated with the main dataset of 2D slices 
to form a stronger surrogate model, one that can trained locally 

• This indicates that other regions of interest (e.g., hippocampus, 
ventricle, thalamus) could be subject to a similar method to stage 
Alzheimer’s Disease 

• Our model shows potential of being integrated into traditional 
diagnosis methods with its promising accuracy of 80.6% 

• Deploying a sufficiently trained model in a productionized 
processing pipeline could be transformational, reducing the 
manual intervention required to locate the information (e.g., 
hippocampus) needed 
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• Our convolutional neural network for each attribute was able to 
classify patients and distinguish between CN, MCI, and AD with a 
80.6% accuracy 

• The use of CNN1 to filter our dataset with spatial analysis has 
provided better results—up to 10% increase in accuracy

• These results demonstrate the effectiveness of using multiple 
modalities (2D and 3D images) in the training of our deep neural 
network

• The figure below shows the model’s performance on both the 
testing and training set, a holdout method of cross validation 
techniques 

     Deep neural networks have been successfully applied to 
unsupervised feature learning for a single modality. Neuroimaging 
scans acquired from MRI and metabolism images obtained by FDG-
PET provide in-vivo measurements of structure and function 
(glucose metabolism) in a living brain. It is hypothesized that 
combining multiple different image modalities providing 
complementary information could help improve early diagnosis of a 
patient’s mental state: Cognitive Normal (CN), Mild Cognitive 
Impairment (MCI), and Alzheimer’s Disease (AD).  
      In this work, we propose a novel application of deep networks to 
learn features over multiple modalities (e.g., utilizing both 2D and 
3D data). We present a series of tasks for multimodal learning and 
show how to train deep neural networks that learn features to address 
these tasks. In particular, we demonstrate cross modality feature 
learning, where better features for one modality (e.g., structure) can 
be learned if multiple modalities (e.g., structure and function) are 
present at feature learning time. 

The aim of this study is to test the efficacy of applying novel 3D 
Convolutional Neural Network models to the problem of staging the 
AD progression. The network will analyze important features such 
as the separation and shapes of different parts like the ventricle and 
hippocampus which provide additional parameters for learning. 
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