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Optimization of sound scale decoding system from auditory cortex of human brain with fMRI
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Fig. 1 Sound scale decode system flow
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3.2 Convolution Neural Network
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Table 1 Confusion matrix

Fredicted Class
Positive (P} Megative (N)
Positive True Positive (TP) [False Negatibe (FN)
Negative False Positive (FP) | True Negative (TN)

Actual Class

Recall = % )

TP (3)

Precision =
TP
2XRecallxPrecision
F —measure = ——————— 4
Recall+Precision
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Fig. 4 fMRI experiment design
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Table 2 DBN result

Subject ID Layerl Layer2 C7(/12) C#7(/12) Total(/24) Toral(%) F-measuer
Subject A 700 500 9 7 16 66.67% 0.6643
Subject B 300 200 7 8 15 62.50% 0.6243
Subject C 300 100 6 9 15 62.50% 0.6191
Subject D 12183 ;gg ; 3 15 62.50% 0.6243
Subject E 300 100 4 10 14 58.33% 0.5556

Table 3 CNN result

SubjectID [Filter size 7o 2nNdUFaz:rOf;gaL::‘. Ty ] C7V/12) |CH#7U12)| Totall/20)| Toral (%) |F-measuer
Subject A 2 32 64 64 64 9 9 18 75.00% | 0.7500
SubjectB | 3 8 8 8 16 6 9 15 | 62.50% | 0.6190
Subject C 5 8 16 16 16 8 9 17 70.83% | 0.7078
Subject D 2 32 32 32 32 7 8 15 62.50% | 0.6243
Subject E 2 8 16 16 16 3 9 12 50.00% | 0.4667
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