Can a brain MR-Image tell us whether someone
has an Alzheimer disease?

In this project, we develop a 3-dimensional Con-
volutional Neural Network (3D-CNN) that learns
the correlation between a brain MR-Image and
existence of Alzheimer disease (AD) in a patient.
The resulting trained model will be used further
to discover regions in a brain that are critical for

kAD diagnosis.

DATA SET & FEATURES

A public dataset is used in this study, Alzheimer’s
Disease Neuroimaging Initiative-1 (ADNI-1) that
includes 816 brain MR-Images. The age-class dis-
tribution of this data set is shown in figure 1. As
can be seen in figure 1 a good distribution be-
tween the 3 AD classes exists.
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Figure 1: Age-class distribution of brain MR-Images

Flgure 2: Bram MR Image skull strlppmg frorn left to
right: Coronal, Axial, and Sagittal views

In this work, we use the Brain Extraction Tech-
nique (BET) together with an Statistical Paramet-
ric Mapping (SPM) as a voxel based approach
for brain image segmentation and extraction and
choose the stripped version with higher brain tis-
sue intensity. Performing skull stripping on brain
MRI images reduces the size of images by a fac-
tor of 2 and reduces the amount of time that is
needed for training. Figure 2 shows the raw MR-
Images together with the skull stripped versions
thich have dimension of 116 x 130 x 83.
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INTRODUCTION TRAINING PROCESS EXPERIMENTS

We have built a 3D-CNN model in tensorflow, two
architectures are considered, (I). a complex archi-
tecture as described in figure 3 and (II). a simpli-
fied version which has only one convolution be-
fore each max-pooling and also has only one F.C.
layer, for both architectures ReLu is used as the ac-
tivation function. Our cost function of choice is
cross entropy and is minimized with the Adam op-
timizer. The hyperparameters we experiment on
are the (# coefficient of the Ly-regularization, the
dropout probability and the size of batches, in ad-
\dition to learning rate, number of filters in the con-
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Figure 3: 3D-convolutional neural network (Lo: MR-Image (116><130><83); Ly 2: Conv. (3% x 16); Ly 5: Conv. (3° x
64); L7,s: Conv. (3% x 128); L3, Lg, L o: Max-pool (23 4% ,4%); L1o, L11: EC.(512,128); L1a: Output (2) )

volutional layers and number of neurons in the
EC. layers.

We use F, score (given by equations (1) and (2))
which depends on precision and recall to evaluate
the performance of our model with true positive,
true negative, false positive, and false negative be-
ing as TP, TN, FP, and FN respectively.
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Figure 4: Train-set and validation-set accuracy and loss
function’s value based on the number of Epochs

Figure 4 shows the training process accuracy and
the value of loss for the model with the best per-
formance in Table.1.
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Figure 5: Normalized confusion matrix - left: dev-set,
right: test-set
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Figure 6: Probability of correct class for Alzheimer de-
tection - (a). Coronal (b). Axial (c). and Sagittal views

0 15 6 5 10 15

Furthermore, We evaluated the confidence of our
model for correctly predicting AD by introducing
a cube of 5 x 5 x 5 voxels in an MR-Image. As
shown in figure 6 the alteration of the model’s con-
fidence is small, meaning that the prediction of
AD is based on global information. Furthermore,
the area which affects the prediction the most co-
incides with the Hippocampus, a region of the brain
which is related to memory and is reported to play
roles in occurrence of AD.

Our results are given by the following table.

Experiments F2-Train | F2-Val
Cmp 0.987 0.691

Smp 0.983 0.713
Cmp+Reg 0.981 0.751
Smp+Reg 0.978 0.765
Cmp+Drp+Reg 0.967 0.821
Smp+Drp+Reg 0.973 0.811
Aug.-Cmp+Drp+Reg 0.991 0.891
Aug.-Smp+Drp+Reg 0.998 0.933

Table 1: Performance of experiments (Cmp: complex
CNN; Smp: simple CNN; Reg: with La-regularization;
Drp: with dropout; Aug: augmented data)
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LEARNING TRANSFER

We use the best model that is found in the binary
classification of AD in Table.1. to further subclas-
sify Alzheimer in another category called Mild
Cognitive Impairment, which is the stage before
a full AD.

Experiments F2-Train | F2-Val
Aug.-Cmp+Drp+Reg 0.983 0.572
Aug.-Smp+Drp+Reg 0.991 0.611

Table 2: Performance of learning transfer for 3-class

AD diagnosis (Cmp: complex CNN; Smp: simple

CNN; Reg: with Le-regularization; Drp: with dropout;
Cug: augmented data)

CONCLUSION & FUTURE WORK

In this work, we diagnosed Alzheimer disease by
MR-Images. We found critical parts (hippocam-
pus) in three anatomical planes contributing to
AD. With an extensive hyperparameter tuning
and finding the best model architecture for binary
classification, we fine-tuned it for further subclas-
sifying AD into i.e. Mild Cognitive Impairment.

e Improving the 3-class AD diagnosis model
o Getting access to ADNI2 dataset and further
training
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