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Quantitative understanding of perceptual and cognitive representations
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Our daily life is realized via fine mixtures of diverse cognitive functions,
including perception, decision, and action. In this study, we developed predictive modeling schemes
that unveil the relationship between brain activity and diverse cognitive functions. To this ainm,

we recorded human brain activity under naturalistic cognitive conditions using functional MRI. We

modeled individual brains using predictive modeling schemes and quantified the cognitive space that
spans the diverse cognitive functions. We also succeeded in decoding cognitive states from
individual brains performing even novel perceptual and cognitive conditions.
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