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Abstract

Application of Convolutional Neural Network to
Brain Decoding from 3-Dimensional

functional Magnetic Resonance Imaging

Taichi SASAKI

Several success studies have been reported on brain decoding using fMRI especially
in vision tasks. Several studies using CNN for machine learning algorithms for brain de-
coding are reported However these are decoding of low-order brain functions compared
to emotions such as object recognition. While brain activity data is originally three-
dimensional, 2D-CNN is applied to a collection of two-dimensional slice images in many
studies. 3D-CNN also exists, but application examples of 3D-CNN in brain information
decoding are still hardly reported. For the reason, we consider that 3D-CNN has many
parameters compared to 2D-CNN, and requires expensive computing resources are re-
quired. Therefore, in this research, we compare the following two methods: applying
2D-CNN to brain decoding of emotion using SVM and applying 2D-CNN to proposed
features.

In the evaluation experiment, learning is performed using brain activity data of
eight subjects. We compare the accuracy of SVM, conventional 2D-CNN, 2D-CNN using
the proposed method, 3D-CNN. As a result, As a result, accuracy of 2D-CNN is highest.
2D-CNN using the proposed features is also able to learn using fewer computational

resources than 3D-CNN.

key words Convolutional Neural Network[ Brain Decodingd Multi-Variate Pattern
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2.3 Multi Variate Pattern Analysis(MVPA)
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3.1 Support Vector Machine(SVM)
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3.2 Convolutional Neural Network(CNN)
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3.2 Convolutional Neural Network(CNN)
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3.3 3D-CNN
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60o0o0ooooog 2X2x%2 2 - -
rO0o000ooon 3x3x3x30 1 - ReLU
gUUbOoooogd 2x2x2 2 - -
900oonoon - - 1000 ReLU
iooooooo - - 2 softmax
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layer filter stride | unit f(x)
1000b000ooo 2x2x2x20 1 - ReLU
2000000000 2X2x%2 2 - -
J0ogoooooo 2x2x2x20 1 - ReLU
4000000000 2x2x2 2 - -
oUb0Ob0bnOnOOd 2x2x2x20 1 - ReLU
60o0o0ooooog 2X2x%2 2 - -
rO0o000o0oon 2x2x2x20 1 - ReLU
gUUbOoooogd 2x2x2 2 - -
900oonoon - - 1000 ReLU
looooooo - - 2 softmax
046 3D-CNNOOOOOO 4

layer filter stride | unit f(x)
100000000 2x2x2x30 1 - ReLU
2000000000 2X2x%2 2 - -
J00goooooo 2x2x2x30 1 - ReLU
4000000000 2x2x2 2 - -
oUb0Ob0bnOnOOd 2x2x2x30 1 - ReLU
60o0o0ooooog 2X2x%2 2 - -
rO0o000ooon 2x2x2x30 1 - ReLU
gUUbOoooogd 2x2x2 2 - -
900oonoon - - 1000 ReLU
iooooooo - - 2 softmax
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A B C D E F G H
2D-CNN(OODO 1) || 72.9% | 77.3% | 65.8% | 78.5% | 74.3% | 73.4% | 79.7% | 81.2%
2D-CNN(OD O DO 2) || 80.2% | 80.0% | 68.5% | 85.7% | 76.6% | 86.2% | 90.1% | 85.3%
2D-CNN (horizontal) || 75.5% | 80.8% | 69.4% | 79.2% | 75.9% | 79.0% | 84.1% | 82.9%
2D-CNN(sagittal) 77.0% | 77.2% | 68.7% | 82.0% | 75.9% | 77.8% | 79.9% | 82.8%
2D-CNN(coronal) 75.1% | 79.2% | 67.2% | 79.6% | 77.2% | 79.3% | 82.0% | 79.2%
SVM 66.2% | 85.3% | 60.4% | 60.6% | 70.2% | 75.0% | 79.1% | 80.2%
3D-CNN 73.6% | 82.5% | 66.8% | 77.1% | 73.5% | 80.6% | 82.0% | 78.8%
062 0000
0 O batch size 0 (s/epoch)
ggoo 16 3.24
3D-CNN 4 4.30
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