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Abstract

Comparison of Machine Learning Algorithms

for Brain-Decoding from fMRI Signals

Noriki Koike

Brain decoding is a technology that reads the human state or behavior from the
human brain activity obtained from functional magnetic imaging or other devices mea-
suring brain activity. Core technorogy of brain decoding is a decoder. A decoder is a
machine learning algorithm such as support vector machines. Improvement of machine
learning precision and speed of convergence of learning is important issues and then
the purpose of this research is comparison of machine learning algorithms for the brain
decoding application.

In this study, we construct the brain decoder using four machine learning algo-
rithms, that are support vector machines, neural networks, random forests, sparse lo-
gistic regression. We conduct a brain decoding experiment of the game of ”paper,”
7scissors,” and ”stones.” The decoder decodes a subject’s hand from fMRI measure-
ment. The result shows that the highest performance in both accuracy and speed are

achieved by SVM using the linear kernel, and those of the lowest 0 by neural network.

key words fMRI, brain decoding, support vector machine, random forest, neural

network, sparse logistic regression
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