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Abstract. Prediction of binders of the major histocompatibility complex class II 
(MHC-II) molecules is critical for T cell immunogenicity. As protein-protein 

interaction also relies on physicochemical properties, we aim to build a novel model 

combining sequence information and the physicochemical properties of proteins. 
Our research used data from the NetMHCIIpan 3.2 study. Features include 

BLOSUM50 and the physicochemical properties from iFeature Python package. We 

created a hybrid model of recurrent neural layers and feedforward layers. The final 
Area Under the Receiver Operating Characteristics (AUROC) on the test data was 

0.755. 
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1. Introduction 

The binding of Major histocompatibility complex class II (MHC-II) and peptides is a key 

step for T-cell recognition, triggering the defense against viral infection and other 

diseases. Identifying the peptides is crucial for understanding the pathophysiology of 

diseases and for designing therapeutics. Currently, several methods use sequence 

similarity data, such as BLOSUM matrix, to predict the binding affinity [1]. However, 

protein-protein interaction is also dependent on other factors such as physicochemical 

properties [2]. This research aims to combine sequential data and physicochemical 

properties to predict the binders of MHC-II molecules. 

2. Methods 

The dataset from NetMHCIIpan 3.2 consists of pairs of MHC-II molecules and peptides 

with their binding affinity [1]. We selected one partition of data and included only human 

data, MHC-II molecules with more than 20 peptides, with at least 4 binders with peptide 

length of 15, resulting in 87,052 pairs as train data and 21,535 pairs as test data. Binders 

were defined as those with < 500nM binding affinity [1]. The sequential features were 

generated using the BLOSUM50 matrix. We used iFeature Python library to generate 
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the physicochemical properties [3, 4]. A hybrid model was created with a recurrent neural 

network (RNN) for sequential features whose latent output combined with 

physicochemical properties was to fed into a deep feedforward network. Neural network 

models were built with Tensorflow 2.10 and the code repository is available online. 

3. Results 

The percentages of binders in the train and test data were 43.42% and 40.34% 

respectively. The test performance is shown in Table 1. 

 

Table 1. Test performance. Precision, Recall, and F1-score are macro averages. AUROC: Area Under the 

Receiver Operating Characteristics. RNN: recurrent neural network. 

 BLOSUM50 iFeature BLOSUM50+iFeature 
Model RNN layers Feedforward layers RNN + Feedforward layers 

AUROC 0.740 0.711 0.755 

Accuracy 0.752 0.713 0.750 

Precision 0.742 0.705 0.746 
Recall 0.740 0.711 0.755 

F1-score 0.741 0.706 0.746 

4. Discussion 

Our design of the hybrid model takes into account both the sequential data and the 

physicochemical properties of proteins. However, one limitation of current research is 

that we only used one out of the five partitions of the data from NetMHCIIpan 3.2 [1]. 

We expect to improve the prediction as we include more data in the future [5]. 

5. Conclusions 

This research combined BLOSUM50 and physicochemical properties to predict binders 

for MHC-II molecules. Using a hybrid deep neural network, the test AUROC reaches 

0.755. 
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