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Proteomics Analysis using All-Transfer Deep Learning
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Abstract

We have proposed a novel method of transfer learning for deep neural networks and applied it to proteomics analysis. Proteomics
analysis uses two-dimensional electrophoresis images split off from proteins on the basis of the degree of charge and molecular
weights, and it is widely attracting attention from biological researchers and doctors. However, it is difficult for proteomics analysis to
accurately classify diseases, lead to drug discoveries, and produce tailor-made cosmetics because it is not easy to collect the images
needed for the analysis. In this article, we describe our efforts to improve the classification performance of the analysis by combining
transfer learning and deep learning when we only have a small-scale dataset. The main difference between our proposed method and
the conventional method is that we transfer all layers of neural networks including the output layer. We confirmed the effectiveness of

our method by applying it to sepsis classification.
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Fig. 1 Examples of two-dimensional electrophoresis images
(a) Images of patients suffering from sepsis

(b) Images of patients free from diseases.
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Fig. 2 Overview of our proposed method [6]
(@) Training DNN for source task
(b) Computing target vectors of each target label

(c) Tuning all parameters to transfer
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Table 1 List of source two-dimensional electrophoresis images

# of images Type of protocol
N(1)=25 Change an amount of protein
MN(2)=4 Change a concentration protocol
MN(3)=30 Unprocessed

N§(4)=49 Only top-2 abundant protein removal
N(5)=11 Top-2 abundant protein concentrated
N(6)=15 14 abundant protein concentrated
N(7)=12 Plasma sample instead of serum
MN(8)=19 Sugar chain removal

MN(9)=15 Other protocol
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Table 2  Classification performance as function of the number of

hidden layers

PPV MCC ACC
PCA 0.875 0.545 0.816
NTL(L=1) 0.725 0.755 0.878
SSL(L=1) 0.682 0.736 0.857
[4](L=1) 0.732 0.783 0.888
[5](L=1) 0.750 0.8 0.898
proposed(L=3) 0.875 0.859 0.939
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Table 3 Classification performance of actual sepsis data classification

for different source tasks

PPV MCC ACC
NTL(Di=188) 0.725 0.755 0.878
CIFAR-10(Di=500) 0.923 0.804 0918
MNIST(Di=500) 0.839 0.786 0.908
TDEIs(Di=188) 0.875 0.859 0.939
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Fig. 3 Comparison of relation vectors
(a) TDEIs, (b) MNIST, (c) CIFAR-10
The X-axis represents the label of source domain (TDEISs is the
number in Table 1, and MNIST is the digit), and the Y-axis

represents the value of the relative vector.
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