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Methods and Materials - The Dataset
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Methods and Materials - Neural Network
Activation Function

Sigmoid function
Fig. 3
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Appendix 3

58

Pearson correlation coefficient:

𝑛 σ𝑖=1
𝑛 𝑥𝑖𝑦𝑖 − (σ𝑖=1

𝑛 𝑥𝑖)(σ𝑖=1
𝑛 𝑦𝑖)

[𝑛 σ𝑖=1
𝑛 𝑥𝑖

2 − σ𝑖=1
𝑛 𝑥𝑖

2
][𝑛 σ𝑖=1

𝑛 𝑦𝑖
2 − σ𝑖=1

𝑛 𝑦𝑖
2
]

𝑅𝑝 =

𝑥 : Observed values
𝑦 : Predicted values
𝑛 : Number of values
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Fig. 9
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Fig. 10
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