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Fig 1. Structure of the deep neural network for the data analysis. Input vectors include age and TRS data on the left and

right PFCs. The output vector is regression to estimate the MMSE score. The hidden layer contains no backward

connections from downstream layers.
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Fig 2. Relationship between MMSE score and age.
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Table 1. Comparison of TRS parameters between normal
subjects and subjects with impaired cognitive function.

Normal Impaired
p value
(MMSE = 24) | (MMSE < 24)

Left oxy-Hb 37.23 35.02 p<0.1
deoxy-Hb 17.94 19.22 p <0.05
total-Hb 55.17 54.24
SOz 67.38 64.41 p <0.01
Optical path

P P 19.02 19.38
length (761 nm)
Optical path

P P 19.31 19.51
length (791 nm)
Optical path

P P 17.97 18.14
length (836 nm)

Right oxy-Hb 39.41 35.80 p <001
deoxy-Hb 18.73 19.20
total-Hb 58.15 54.99 p <01
SO2 67.69 64.90 p <0.01
Optical path

P P 19.03 19.00
length (761 nm)
Optical path

P P 19.35 19.93
length (791 nm)
Optical path

P P 18.25 18.79
length (836 nm)
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Fig 3. Comparison of classification accuracy by leave-one-
out cross-validation (n=202). The DNN was tuned with 400
neurons in two hidden layers and a 50% dropout rate. The
other machine learning algorithms were launched with
basic hyper parameters, i.e.. 500 trees and five variables
tried at each split for the random forest and 0.1 of sigma 1
of cost C and for the SVM with Gaussian kernel function.
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Fig 4. Correlation between measured and estimated MMSE
scores (r=0.85. p<001).
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