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Abstract

Comparison of Pulse Sequences of Structural Magnetic

Resonance Imaging for Gender Prediction

Yuichiro NITTA

Research on medical image recognition by machine learning has been studied for
a long time. Medical image recognition has been mainly for detection of diseases or
symptoms. In recent years, there is a hypothesis which human health conditions and
personal attributes affect brain structure. Most studies focus on T1-weighted images,
however T2-weighted and diffusion-weighted images are also used in medical practice.
Pixels of T1-weighted image have high intensity in white matter and fat, while those
of T2-weighted image have high intensity in gray matter and cerebrospinal fluid. In
addition, the diffusion tensor image (DTI) is an image which is affected by the movement
of water molecules in the brain.

Some studies using 3D-CNN have been applied for brain structure images, but
diffusion tensor images cannot be directly input to 3D-CNN because their data is rep-
resented as the tensor of the movement of water molecules. Therefore, in this research,
we use 3D-CNN which the diffusion of each direction is input to different channel. We
construct multi-channel 3D-CNN and verify the effect of brain structure image mode
on gender discrimination using T1, T2, and DTI.

As a result of gender prediction using the 3D-CNN, the result shows that the

accuracy is 84 %.

key words T1-weighted image, T2-weighted image, diffusion-weighted image,
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3.1 Convolutional Neural Network(CNN)
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52 T—X+tvy b

ARETRIXIF—Fty M9 ZHVE. IXIF—Fty heidury Frofzs 3
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5.5 FEERIRIE
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