Deep learning of binding interactions for peptide-MHC class 1 complex
revealed specific amino acid properties decisive in peptide binding
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Introduction _____ Resut

The Major Histocompatibility Complex (MHC) plays crucial role in immune system of vertebrates. Same HLA cluster shows similar GradCAM results

Major function of MHC is to recognize antigens derived from self-protein or pathogens by

binding and presenting on cell surface for recognition by T-cells. The MHC genes are known GradCAM is one of explainable Al[11]. GradCAM shows weighted signals in amino acid
that they are the most polymorphic over 19,500 distinct class | alleles and over 7300 distinct interaction map. We think if sequence logos of each allele are similar, GradCAM results will be
class |l alleles as of April of 2020 [1]. Therefore, it is very difficult to predict the binding pattern of similar. Thus, we conducted clustering based on position frequency matrix of binding peptides.
peptide-MHC molecule accurately. Recently, studies to predict peptide-MHC binding through We analyzed a cluster group. GradCam results within one group were found to be similar.

neural network have been actively conducted [2-5, 10,11]. Most models trained based on
peptide sequences have limitations in accurately predicting binding. This is because peptide
sequence has only sequence information and no directive information such as interaction
energy and physiochemical features [6]. In this study, we developed the model which is called
DeepNeo-MHC. DeepNeo-MHC is trained by the amino acid interaction map consisted of
physiochemical features among amino acids. Amino acids interaction map, in addition, is
improved that was built in our previous work and changed CNN model to modern architecture
called as EfficientNet structure [7, 8].

Improve convolutional neural network architecture

In last decade, performance of deep learning has improved significantly in computer vision.
Especially, CNN (convolutional neural network) outperformed cognitive ability of human in
ImageNet competition. LeNet we used in previous work was one of the earliest convolutional
neural network. LeNet has limitation to extract features from interaction map because it has
only 5 layers. Recent architectures normally have more dozens of layers and improved
architecture, which is sufficient to extract features. Therefore, we chose EfficientNet structure
which is introduced by Mingxing Tan et al. in 2019 [8]. For our data shape, input dimension
was modified from 3 channels to 1 channel for class | data (See below figure), and 2 channels
for class |l data. Kernel size of each layer was also changed.
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Interaction energy represent as a smaller value as the force of attraction and as a larger value
as the force of the repulsive force acts [6]. We made interaction map with interaction energy
between HLA sequence and peptide sequence to capture interactions (see below figure). The
Interaction energy value was converted to a positive value for smooth model training.
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