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Abstract: 10 

Background: 11 

The peptide binding to Major Histocompatibility Complex (MHC) proteins is an important step in the 12 

antigen-presentation pathway. Thus, predicting the binding potential of peptides with MHC is essential 13 

for the design of peptide-based therapeutics. Most of the available machine learning-based models 14 

predict the peptide-MHC binding based on the sequence of amino acids alone. Given the importance of 15 

structural information in determining the stability of the complex, here we have utilized both the complex 16 

structure and the peptide sequence features to predict the binding affinity of peptides to human receptor 17 

HLA-A*02:01. To our knowledge, no such model has been developed for the human HLA receptor before 18 

that incorporates both structure and sequence-based features. 19 

Results: 20 

We have applied machine learning techniques through the natural language processing (NLP) and 21 

convolutional neural network to design a model that performs comparably with the existing state-of-the-22 

art models. Our model shows that the information from both sequence and structure domains results in 23 

enhanced performance in the binding prediction compared to the information from one domain alone. 24 

The testing results in 18 weekly benchmark datasets provided by the Immune Epitope Database (IEDB) as 25 
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well as experimentally validated peptides from the whole-exome sequencing analysis of the breast cancer 26 

patients indicate that our model has achieved state-of-the-art performance. 27 

Conclusion:  28 

We have developed a deep-learning model (OnionMHC) that incorporates both structure as well as 29 

sequence-based features to predict the binding affinity of peptides with human receptor HLA-A*02:01. 30 

The model demonstrates state-of-the-art performance on the IEDB benchmark dataset as well as the 31 

experimentally validated peptides. The model can be used in the screening of potential neo-epitopes for 32 

the development of cancer vaccines or designing peptides for peptide-based therapeutics. OnionMHC is 33 

freely available at https://github.com/shikhar249/OnionMHC 34 

 35 
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 37 

Background: 38 

Neo-epitopes are the unique peptide signatures produced by cancer cells, some of which are presented 39 

on their outer surface and recognized by T cells [1, 2]. For the successful presentation of these antigenic 40 

peptides, the peptide should be able to bind to the Major Histocompatibility Complex (MHC) receptor 41 

with enough strength (IC50 < 500nM) in most cases. This makes peptide binding to MHC the most crucial 42 

and selective step in antigen presentation[3]. Thus, there is a need to develop computational algorithms 43 

that can accurately predict the binding affinity of peptides to MHC. 44 

There have been several approaches made in this regard, mainly in terms of allele-specific or pan-specific 45 

models. In allele-specific models, the model was trained on a specific allele[4] whereas in a pan-specific 46 

version the model was trained on multiple alleles data [5]. These models were mainly based on either the 47 

sequence-based features[5, 6] or the structure-based features[7, 8]. Generally, most of the previous 48 

https://github.com/shikhar249/OnionMHC
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approaches employed the sequence-based features for predicting the binding affinity. Different neural 49 

network models like convolutional neural network models [6, 9, 10], attention-based neural network 50 

models [11] have been employed with different ways of sequence information encoding.  Other studies 51 

have used the structure-based features only for predicting the binding affinity [7, 12]. The information 52 

provided by the peptide-MHC 3D structures can potentially bring to light yet unknown drivers of T-cell 53 

activation thus, facilitating more accurate predictions. However, this direction is progressing at a very 54 

slow pace, primarily because 1) a very limited number of experimentally determined peptide-MHC 55 

complex structures are available; and 2) the structural modeling is computationally expensive, rendering 56 

it feasible only on a small scale.  To our knowledge, there is no such model that combines both structure 57 

and sequence-based features to predict the binding affinity of peptides with human MHC receptors. 58 

Recently a study demonstrated the potential of combined  structure and sequence feature sets in 59 

predicting the binding affinity of peptides to mouse allele H-2D [13]. However, this study used a very 60 

simple machine learning algorithm of the support vector machines which is not sophisticated enough to 61 

capture all the intrinsically complex patterns. Furthermore, the authors have not made the model publicly 62 

available, so it is difficult to compare with their model.  63 

In this study, we have used both complex structure and sequence feature sets to predict the binding 64 

affinity of the peptides to widely studied human HLA-A*02:01 alleles. The structural features we used are 65 

the contact pairs between the atoms in the peptide and the MHC receptor. The contact pairs based 66 

structural features are known to perform well for the small molecule and protein complex in the PDBbind 67 

dataset[14]. Here, the similar contact-pairs based structural features for the peptide-MHC complex were 68 

combined with sequence-based features.  Different encodings of raw peptide sequences and different 69 

architectures, such as Long Short-Term Memory (LSTM) based neural network models, were tested. Our 70 

model’s performance is comparable and even slightly better than the current state-of-the-art model 71 

NetMHCpan4.0[5], HLAthena [15], and the convolutional neural network model ConvMHC [9]  on the 72 
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independent IEDB benchmark dataset. All these models are the sequence-based models that take solely 73 

the sequence of peptides to make the binding affinity predictions. We have also performed molecular 74 

dynamics simulations to demonstrate the stability of the predicted models. Moreover, our model has 75 

been used to predict the binding affinity of the peptides derived from the neoantigen analysis of the 76 

exome sequencing samples from the breast cancer patients which were further validated experimentally. 77 

The exome sequencing and neoantigen analysis will be reported in an upcoming manuscript.  78 

OnionMHC is publicly available and can be accessed at https://github.com/shikhar249/OnionMHC 79 

 80 

Methods: 81 

Dataset collection 82 

The peptide sequences and their binding affinities to HLA-A*02:01 were downloaded from IEDB 83 

[16](http://tools.iedb.org/main/datasets/). This dataset was compiled by combining BD2009, BD2013, 84 

and the blind data [17] and it also included additional data that was not publicly available at that time. 85 

The detailed dataset used for the training is provided in Table S3, Additional File 4. Although the HLA-86 

A*02:01 receptors can bind to peptides of varying lengths, we only considered 9 mers for this study as 9 87 

mers are the most preferred binders to HLA-A*02:01. The dataset contains 9051 peptides of length 9 88 

residues with their corresponding IC50 values with HLA-A*02:01 receptors. The peptides with IC50 less than 89 

500 nM were considered as the positive binders rendering 3273 peptides as positive and 5778 peptides 90 

as negative towards binding to HLA-A*02:01. The same dataset from IEDB was utilized to train several 91 

other peptide-MHC binding affinity predicting models[5, 9-11, 18, 19] , thus  making  comparison 92 

straightforward. The comparison of these binding affinity predicting models  was done on the weekly 93 

benchmark data provided by IEDB (http://tools.iedb.org/auto_bench/mhci/weekly/) which is different 94 

from the dataset used for training.  95 

Structure Modelling 96 

https://github.com/shikhar249/OnionMHC
http://tools.iedb.org/main/datasets/
http://tools.iedb.org/auto_bench/mhci/weekly/


5 

The structure of HLA-A*02:01 with the template peptide backbone of 9 residues was taken from 97 

PDB[20](PDB ID: 1AKJ).  The nonameric peptides from PDB structures show high conservation in their 98 

backbones[7]. The side chains of different peptides were modeled on the same template structure using 99 

SCWRL4 software[21].  It has been shown that SCWRL4 can reproduce experimentally determined X-ray 100 

structures of peptide – HLA complexes with the lowest root mean square deviation[22]. The structures 101 

obtained from SCWRL4 were further energy minimized with the default settings in GROMACS[23] to take 102 

care of any bad contacts thus, generating atomic-level structural models for different peptides with HLA-103 

A*02:01.  This approach of structure generation from peptide sequences is similar to the one used in a 104 

previously published study [7]. 105 

Structure feature generation: contact pair counts 106 

In this study, the structure features are characterized by the contact pair counts between the peptide 107 

(ligand) and the HLA receptor (protein).  The structure-based features are adapted from a recent study 108 

characterizing the binding of small molecule ligands with protein receptors [14]. In this case, each protein 109 

atom or ligand atom can be categorized into one of the 8 element types:  110 

𝑬𝑳 = [𝑪𝒂𝒍𝒊𝒑𝒉𝒂𝒕𝒊𝒄, 𝑪𝒂𝒓𝒐𝒎𝒂𝒕𝒊𝒄, 𝑶𝒄𝒂𝒓𝒃𝒐𝒏𝒚𝒍, 𝑶𝒉𝒚𝒅𝒓𝒐𝒙𝒚𝒍, 𝑵, 𝑯, 𝑺, 𝑫𝒖] 1 

which would generate a total of 64 (8ligand X 8protein) element-pair combinations between the ligand and 111 

the protein (Du represents all other remaining elements). Here, we defined 60 shells of width ~0.5 Å 112 

around each ligand atom and counted the number of different protein atoms within each of these 60 113 

shells. The center of the first shell was set at the distance of 1 Å from the ligand atom and the center of 114 

the last shell has a distance of   30.5 Å to the ligand atom. Such a broad distance range covers both local 115 

and non-local interaction information between the ligand and the protein. 116 

The atom-based contact number information between the ligand and the protein was then converted 117 

into element-pair specific and distance shell specific contact numbers. This was done by summing up all 118 
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the contact numbers between the ligand atoms and the protein atoms for a given elemental pair in a 119 

given shell resulting in 64 element-pair specific contact numbers for each of the 60 shells.  120 

Thus, one peptide-HLA complex can be represented by an image matrix of the size (60 X 64) where 60 is 121 

the number of shells and 64 is the number of element-pair combinations (8 X 8) in each shell. The more 122 

detailed information on the structure-based features used here can be found in our previous study [14].  123 

Sequence feature generation: peptide encoding: 124 

Before inputting to the neural network, the raw peptide sequences were encoded into the numerical 125 

format. Although, there are several ways in which a peptide sequence can be represented, here we tested 126 

the three most popular methods of representing peptide sequence in a deep learning model. The first 127 

one is a one-hot encoding, in which each peptide residue is represented as a one-hot encoded vector of 128 

dimension 20 (standard amino acids) with the value corresponding to the residue was set to 1 and the 129 

remaining 19 values set to 0 (Figure 1a). Secondly, in the BLOSUM62 encoding, each residue in a peptide 130 

is encoded as a 20-dimensional vector from the BLOSUM62 matrix[24] thus, generating a 9 X 20 matrix 131 

representation for the peptide (Figure 1b). For embedding, the amino acid sequence is converted into an 132 

embedding vector by assigning discrete numerical codes to the residues in the peptide (Figure 1c). Each 133 

of these discrete numerical variables in the embedding vector is then mapped to a vector of continuous 134 

numbers (of dimension 20) thus, resulting in the embedding matrix. Unlike one-hot encoding or 135 

BLOSUM62 encoding, the mapping in the embedding matrix can be improved by learning using a neural 136 

network on a supervised task.  For CNN based neural networks, all these encodings were mapped as 20-137 

channel 1-row 2D tensors similar to DeepMHC[10] whereas, for LSTM based neural networks, the 138 

sequence information was supplied as 1-channel 2D tensor with 9 rows and 20 columns. 139 
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 140 
Figure 1: Illustration of encoding of peptide AFVRFSTDK with three different encoding techniques used in this study a) In one-hot 141 

encoding, each position is represented as a 20-dimensional vector with the value of corresponding residue kept as 1 and 142 
remaining 19 residues as 0 b) In BLOSUM62 encoding, each position is represented by the vector corresponding to the residue 143 

from the BLOSUM62 matrix c) In embedding vector, each residue is assigned an integer value and the peptide is represented as 144 
embedding vector formed out of those integer values. 145 

 146 

Model Architecture: 147 

The models used in this study consist of two modules: the structure module and the sequence module. 148 

The structure module consists of three convolution layers with each convolution layer is followed by a 149 

max-pooling layer. Batch-normalization and dropout layers are added after each convolution layer with 150 

“relu” as the activation function. The organization of the structural module was mainly inspired by our 151 

previous work, OnionNet[14]. For the sequence module, we tested both the convolution-based neural 152 

network and the LSTM-based neural network. The LSTM-based neural network in sequence module 153 

comprises of two LSTM-layers with each LSTM layer is followed by batch normalization and dropout layer 154 

(Figure 2a). The activation function used with LSTM layers is “tanh”. The convolution-based neural 155 

network in sequence module comprises of three convolution layers with each convolution layer is 156 
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followed by a max-pooling layer (Figure 2b). The outputs of the structure and sequence blocks are 157 

received by the individual fully connected (FC) layer of 1024 neurons. The outputs are combined and fed 158 

into another FC layer of 512 neurons to predict the binding affinity. Deep learning models generally have 159 

millions of trainable parameters which is often larger than the number of training samples. This is because 160 

the input features often follow a very complicated relationship with target values and a network with few 161 

trainable parameters will not be able to represent the desired mapping. Having many parameters would 162 

make the network more flexible so that the features can be mapped properly to the target values. To 163 

reduce generalization error and prevent overfitting, we not only used implicit regularizations (e.g. 164 

dropout) but also employ explicit regularization L2 in our model with λ=0.001 [25-27].  165 

We tested the three different peptide sequence encoding methods along with these two model 166 

architectures in the sequence module. The three sequence encoding methods have also been used to 167 

predict the binding affinity of peptides with MHC: one-hot encoding[10], BLOSUM62 encoding[28], and 168 

embedding vector representation embedding[6, 29]. Thus, we tested six models that differ in terms of 169 

peptide sequence encoding and the architecture of the sequence module. Since, the input features and 170 

the architecture of the structure module are the same in all the models, therefore, the tested models are 171 

named based on their peptide sequence encoding and network architecture used in the sequence module 172 

(Table 1). 173 

S/No. Model Name Peptide encoding Sequence Module Type 

1 bls_cnn BLOSUM62 encoding CNN based 

2 onehot_cnn One-hot encoding CNN based 

3 emb_cnn Embedding vector encoding CNN based 

4 bls_ lstm (OnionMHC) BLOSUM62 encoding LSTM based 

5 onehot_lstm One-hot encoding LSTM based  

6 emb_lstm Embedding vector encoding LSTM based 

Table 1: Models with different peptide sequence encoding and the neural network architecture used in the sequence module. 174 
Three ways of peptide sequence encoding (one-hot, blosum62, embedding vector) combined with convolutional neural network 175 
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(CNN) or Long Short-Term Memory architectures in the sequence module resulted in a total of 6 different models that were 176 
tested in this study. 177 

 178 

 179 

 180 
Figure 2: Architectures tested in this study with structure module based on Convolutional Neural Network: a) Long Short-Term 181 

Memory based neural network was used in sequence module with two lstm layers of 1000 neurons each and its output is 182 
combined with that of structure module using Fully Connected (FC) layer b) Convolutional Neural Network-based neural network 183 
was used in sequence module with three 1-D convolutional layers (of filter size 64, 128, 256), followed by maximum pooling and 184 

its output is also combined with that of structure module using Fully Connected (FC) layer 185 

 186 
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Model Training: 187 

The binding affinities (in nM) in the collected dataset were transformed to numbers within 0 to 1 with a 188 

cap of 50,000 nM: 189 

 𝒂𝒇𝒇𝒊𝒏𝒕𝒊𝒚𝒕𝒓𝒂𝒏𝒔𝒇𝒐𝒓𝒎𝒆𝒅 =  𝒎𝒊𝒏 (𝟏 − 𝐥𝐨𝐠(𝒂𝒇𝒇𝒊𝒏𝒊𝒕𝒚)𝐥𝐨𝐠(𝟓𝟎𝟎𝟎𝟎) , 𝟏) 2 

as previously described in [5, 11, 28]. 190 

The hyperparameters involving the number of neurons, number of layers, and batch size were 191 

optimized using the five-fold cross-validation (Figure S1, Additional File 1). The model with optimized 192 

hyperparameters was trained with mean-squared-error used as the loss function. 193 

 𝑳𝒐𝒔𝒔 =  𝟏𝒏 ∑(�̃�𝒊 − 𝒚𝒊)𝟐𝒏
𝒊  3 

The dataset was randomly divided into 5-folds and the model was trained for 600 epochs with 194 

earlystopper of 30 epochs if the validation loss did not decrease more than 0.0001. The framework used 195 

for the model implementation was keras-tensorflow2.0 on NVIDIA-GeForce GTX 1080 Ti.  196 

For the cross-validation, an ensemble of 5 deep neural networks was generated for each model by training 197 

the network on 4 folds and testing it on the remaining fold. For the final prediction on the benchmark 198 

dataset, two more trials of each of the 5 cross-validated neural networks were performed thus, resulting 199 

in 15 deep neural networks for each model. The average prediction score of all these 15 networks was 200 

taken as the final prediction score for a peptide. This methodology was inspired by the recently published 201 

model ACME[11]. 202 

 203 

Performance Metric: 204 
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The performance of the model was independently evaluated on the benchmark data obtained from IEDB  205 

and compared with the existing models such as NetMHCpan4.0, convMHC, HLAthena. The performance 206 

metrics used for comparison is the Area Under Receiver Operating Curve (AUC) and the Spearman Rank 207 

Correlation Coefficient (SRCC). This SRCC metric is the same as adopted by the weekly benchmark dataset 208 

provided by IEDB (http://tools.iedb.org/auto_bench/mhci/help). In the weekly benchmark dataset, the 209 

performance was reported in terms of SRCC even for binary data also. In that case, the SRCC calculation 210 

was done by keeping the target values as either 0 (non-binder) or 1 (binder) which is different from ic50 211 

or half-life measurements. 212 

Molecular Dynamics Simulation 213 

The stability of the modeled complex structures was explored by performing molecular dynamics (MD) 214 

simulations using GROMACS[23]. The bonding and non-bonding parameters were derived from 215 

AMBER99SB-ILDN force field[30]. The simulation was performed in a cubic box with water molecules and 216 

ions (Na+ and Cl-) concentration of 0.15M at 300K. The system was equilibrated before carrying out the 217 

production simulation. Under NVT conditions, the equilibration was performed for 100 ps, then under 218 

NPT conditions for 100 ps using 2 fs time step, Berendsen thermostat (τ = 0.1 ps), and barostat (τ = 2 ps). 219 

The bonds and angles were constrained by the LINCS algorithm[31]. The production simulation was 220 

carried out under NPT conditions for 50 ns with repeats. A leap-frog algorithm[32] was used to integrate 221 

Newton's equation of motion. The cut-offs for both van der Waals (VDW) interaction and short-range 222 

electrostatic interaction were set to 1.0 nm, and the particle mesh Ewald (PME) method[33] was 223 

employed to deal with the long-range electrostatic interactions.  224 

Cell culture  225 

http://tools.iedb.org/auto_bench/mhci/help
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T2 cells were cultured in Roswell Park Memorial Institute (RPMI) 1640 media (Hyclone) supplemented 226 

with 20% heat-inactivated Fetal Bovine Serum (FBS; Hyclone) and 1% penicillin/streptomycin (Hyclone) at 227 

37°C in a CO2 incubator.  228 

Peptide binding assay  229 

Peptides, as shown in Table 5 were synthesized from Peptide 2.0, USA, in a lyophilized form with >95% 230 

purity. The peptides were dissolved in either sterile water or 10% DMSO depending on the sequences. 231 

The binding of the candidate peptides to the HLA-A*02:01 molecules was assessed by measuring the 232 

induction of surface expression of HLA-A*02:01 molecules on peptide-pulsed T2 cells following an 233 

established protocol[34] with a few modifications. The T2 cells were seeded in a 24 well plate and then 234 

treated with the peptides at 100 μM concentration. The peptide-pulsed T2 cells were then incubated at 235 

37°C in a CO2 incubator for 12 to 16h. The cells were then stained with HLA-A02:01 specific mAb 236 

conjugated to FITC for 30 min at room temperature and then analyzed by flow cytometer. The 237 

fluorescence index (FI) was calculated using the following formula:  238 

FI = [mean fluorescence intensity (MFI)sample −  MFIbackground]MFIbackground  239 

where MFIbackground represents the value without peptide. FI > 1.5 indicated that the peptide had a high 240 

affinity for HLA-A*02:01 molecules, 1.0 < FI < 1.5 indicated that the peptide had a moderate affinity for 241 

the HLA-A*02:01 molecules, and 0.5 < FI < 1.0 indicated that the peptide had low affinity for the 242 

HLA-A*02:01 molecules. 243 

 244 

Results and Discussions 245 
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Five-fold Cross-Validation: 246 

We evaluated the performance of all the six models using the five-fold cross-validation. The entire data 247 

was divided into five-folds and 5 different models were generated with each model tested on one of the 248 

5 folds and trained on the remaining 4 folds. The performance evaluation of the above-mentioned models 249 

(Table 1) was done in terms of both AUC and SRCC. Overall, the LSTM-based neural network in the 250 

sequence module achieved better performance with our structure module compared to the CNN-based 251 

neural network in the sequence module as shown in Table 2 (Table S1, Additional File 2). The peptide 252 

encoding does not have much difference in the model performance with the LSTM-based neural network 253 

in the sequence module. However, for the sequence module with a CNN-based neural network, the one-254 

hot encoding performed a bit worse than the blosum62 encoding or the embedding vector 255 

representation. 256 

 emb_lstm onehot_lstm bls_lstm emb_cnn onehot_cnn bls_cnn 

AUC 0.955 0.953 0.954 0.943 0.878 0.941 

SRCC 0.816 0.816 0.821 0.798 0.677 0.799 

Table 2: Summary of five-fold cross-validation measured in terms of area under the receiver operating curve (AUC) and 257 
Spearman Rank Correlation Coefficient (SRCC)  258 

 259 

Independent Evaluation: 260 

For independent evaluation, we downloaded the weekly benchmark dataset (since 21/03/2014) from 261 

IEDB (http://tools.iedb.org/auto_bench/mhci/weekly/) for all the 9-mer peptides belonging to HLA-262 

A*02:01 receptors. The performance of all models was evaluated on the weekly benchmark dataset in 263 

terms of AUC and SRCC (Figure 3, 4). Among all the models generated, bls_lstm (OnionMHC) achieved the 264 

best performance both in terms of AUC and SRCC on the IEDB benchmark dataset (Figure 3). The 265 

http://tools.iedb.org/auto_bench/mhci/weekly/
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performance of OnionMHC was compared with other different algorithms (Figure 4) which were already 266 

evaluated in previous work [35]. We also compared the performance of our model with the current state-267 

of-the-art baseline model NetMHCpan4.0 (http://www.cbs.dtu.dk/services/NetMHCpan/) and the 268 

convolution-based neural network model convMHC. The standalone version of NetMHCpan4.0 was 269 

downloaded from http://www.cbs.dtu.dk/services/NetMHCpan/ and installed as instructed. The 270 

predictions of the extracted benchmark dataset were made and AUC and SRCC were calculated. 271 

NetMHCpan4 gives two types of outputs which are the binding probability of peptide with HLA receptor 272 

(NetMHCpan4-L) and the binding affinity of the peptide with the receptor (NetMHCpan4-B). For 273 

convMHC, the predictions of the extracted benchmark dataset were made from the webserver 274 

(http://jumong.kaist.ac.kr:8080/convmhc). We also compared our model with the recently published 275 

HLAthena[15] which can be accessed from the webserver (http://hlathena.tools/ ). On average, our 276 

model achieved a better performance both in terms of AUC and SRCC compared to NetMHCpan4-L, 277 

convMHC, and HLAthena and the performance was comparable to NetMHCpan4-B (Table 3).  278 

The IEDB benchmark dataset consists of data of three measurement types: binary, ic50, and t1/2. In one 279 

of the references, we found some discrepancies with the peptides identified as positives. The reference 280 

id 1026840 showed the same peptides with two different measurements: ic50 and t1/2. With the 281 

conventional cut-offs of ic50 (< 500 nM) and t1/2 (> 120 min) for a peptide to be counted as positive, the 282 

numbers of binders were different (positives) in both measurements. There were 14 positives out of 24 283 

peptides according to ic50 cut-off and 7 positives out of 24 according to t1/2 measurement. Because of 284 

this discrepancy, we did not consider this reference id for evaluating our model. 285 

 286 

http://www.cbs.dtu.dk/services/NetMHCpan/
http://www.cbs.dtu.dk/services/NetMHCpan/
http://jumong.kaist.ac.kr:8080/convmhc
http://hlathena.tools/
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 287 
Figure 3: Performance evaluation of the six generated models on the IEDB benchmark dataset 288 

 289 

 290 
Figure 4: Performance comparison of OnionMHC with different prediction algorithms (Trolle et. al 2015) on the most recent 291 

IEDB benchmark dataset, measured in terms of Spearman Rank Correlation Coefficient (SRCC) and area under receiver 292 
operating curve (AUC) 293 

 294 
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IEDB Ref. 
Peptide 

Count 

Positive 

Count 

Measu

rement 

type 

NetMHCpan4 - L NetMHCpan4 - B convMHC HLAthena OnionMHC 

AUC SRCC AUC SRCC AUC SRCC AUC SRCC AUC SRCC 

1033576 191 13 binary 0.619 0.104 0.63 0.113 0.63 0.09 0.596 0.084 0.666 0.145 

1029824 77 56 binary 0.479 -0.033 0.556 0.087 0.588 0.14 0.526 0.039 0.565 0.101 

1028928 13 11 binary 0.955 0.57 0.955 0.57 0.932 0.542 0.955 0.57 0.955 0.57 

1027588 19 8 binary 0.829 0.564 0.841 0.584 0.705 0.35 0.875 0.642 0.773 0.467 

1027471 45 6 binary 0.859 0.423 0.838 0.398 0.823 0.381 0.889 0.458 0.774 0.322 

1027079 18 13 binary 0.846 0.538 0.846 0.538 0.815 0.49 0.815 0.49 0.769 0.418 

1026840 357 76 binary 0.877 0.534 0.904 0.573 0.872 0.529 0.819 0.452 0.886 0.547 

1026941 10 6 binary 1 0.853 0.917 0.711 1 0.853 0.875 0.64 1 0.853 

1031894 434 368 ic50 0.776 0.531 0.901 0.743 0.82 0.603 0.743 0.479 0.932 0.8 

1031072 28 23 ic50 0.974 0.739 1 0.875 0.957 0.772 0.913 0.727 0.974 0.856 

1033071 113 41 ic50 0.866 0.77 0.876 0.812 0.851 0.759 0.871 0.787 0.872 0.819 

1028790 55 47 ic50 0.598 0.628 0.582 0.626 0.612 0.607 0.516 0.508 0.588 0.643 

1028553 22 2 ic50 0.7 0.432 0.85 0.574 0.85 0.603 0.575 0.229 0.925 0.568 

1028554 44 7 ic50 0.838 0.539 0.876 0.721 0.753 0.417 0.9 0.641 0.884 0.679 

1024516 51 45 ic50 0.663 0.685 0.63 0.667 0.693 0.658 0.556 0.558 0.678 0.728 

1026941 10 6 ic50 1 0.864 0.917 0.717 1 0.422 0.875 0.724 1 0.824 

1026371 85 49 t12 0.781 0.564 0.811 0.566 0.784 0.517 0.793 0.55 0.803 0.543 

1028285 881 549 t12 0.822 0.656 0.865 0.721 0.829 0.658 0.799 0.626 0.831 0.66 

Average 0.805 0.553 0.822 0.588 0.806 0.521 0.772 0.511 0.826 0.586 

Table 3: AUC Performance evaluation of OnionMHC with NetMHCpan and ConvMHC on IEDB benchmark dataset for HLA-297 
A*02:01 with peptide length 9 298 

 299 

All these models (OnionMHC, NetMHCpan4, HLAthena, and convMHC) utilized the data from IEDB 300 

(http://tools.iedb.org/main/datasets/) in their training set and their evaluation was done on the 301 

benchmark data also provided by IEDB under three measurement values (binary, ic50, and t1/2). 302 

However, there is an overlap between these two datasets, so we removed the overlapping peptides for 303 

http://tools.iedb.org/main/datasets/
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the three measurement values (Figure 5) and re-calculated the spearman correlation (SRCC) and area 304 

under the receiver operating curve (AUC) on the benchmark peptides. These benchmark peptides have 305 

not been seen by OnionMHC during the training or the validation.  Among the datasets with three 306 

measurement values, OnionMHC performed notably better than convMHC, NetMHCpan4-L, and 307 

HLAthena on ic50 measurement values, and equally well with NetMHCpan4-B (Table 4, Figure 6). For the 308 

data with the binary form, OnionMHC still performed better than HLAthena and similarly well with 309 

convMHC, NetMHCpan4-L, and NetMHCpan4-B. In the half-time measurement dataset, we found that 310 

the peptide TVYDINNEV had two different measurement values of 120 min and 170.4 min. With the 311 

conventional cut-off of >120 min for classifying a peptide as a binder, this peptide would have created a 312 

discrepancy, so we removed it from the analysis. For the half-time measurement dataset, OnionMHC did 313 

not perform as well as other models however, the performance was still comparable.  314 



18 

 315 

Figure 5: Overlapping peptides between the training data and benchmark data with measurement value: a) binary; b) ic50; c) 316 
half-life (t1/2) 317 

 OnionMHC NetMHCpan4.0-L NetMHCpan4.0-B convMHC 
Hlathena 

predictor 

For ic50 only 

(195 peptides) 
     

SRCC 0.790 0.716 0.787 0.697 0.741 

AUC 0.885 0.857 0.882 0.834 0.869 

For binary only 

(694 peptides) 
     

SRCC 0.529 0.524 0.539 0.519 0.477 

AUC 0.860 0.856 0.866 0.852 0.824 

a)
a)

c) 

b) 
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For half-life only 

(167 peptides) 
     

SRCC 0.465 0.618 0.603 0.532 0.611 

AUC 0.754 0.789 0.819 0.790 0.761 

Table 4: Evaluation of models on the benchmark data after removing the overlapping peptides  318 

 319 
Figure 6: Area under the receiver operating curves for the non-overlapping peptides a) ic50 dataset (195 peptides) b) binary 320 

dataset (694 peptides) c) half-life dataset (167 peptides) 321 

 322 

Model Ablation 323 

OnionMHC has both structure as well as sequence modules. To understand the importance of each 324 

module in predicting the binding affinity of a peptide, we performed model ablation analysis on our 325 

model. In this analysis, either of the modules is removed and the rest of the model is trained similarly to 326 

the original model and evaluated for its performance on the IEDB benchmark dataset. As shown in Figure 327 

7, the sequence module is the main contributor towards the binding affinity prediction, however, the 328 

b) a
)

c) 

ic50 dataset binary dataset 

half-life dataset 
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addition of the structure module further improves the predictive power of the sequence module. The 329 

structure information was obtained mostly from modeling instead of experimentally determined PDB 330 

structures. The inaccuracy or the noise in the structural information may damage the quality of the 331 

structural models.  This could be the reason why the sequence module performs better than the structure 332 

module in the prediction of binding affinity. 333 

 334 
Figure 7: Model Ablation analysis of OnionMHC showing the individual performance of sequence and structure module on IEDB 335 

benchmark dataset 336 

Demonstration by Molecular Dynamics Simulations 337 

To demonstrate the stability of the predicted binding peptides as well as the non-binding peptides in the 338 

complex with the receptor, we performed molecular dynamics simulations on the receptor-peptide 339 

system. These peptides in the IEDB benchmark data have already been validated experimentally[35]. In 340 

total we randomly selected 6 peptides, 3 of which are predicted to be binders with the binding affinity 341 

less than 500 nM (FLDEFMEGV, LLIDLTSFL, NLIDFNFKL) and the remaining 3 were non-binders with the 342 

binding affinity greater than 500 nM (ANRAVKPTG, DIKVQFQSG, TPTAYRPPN). We calculated the residue-343 

wise root mean square fluctuation (RMSF) of the peptide backbone (Figure 8). The peptide backbone, 344 
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especially those at the termini, shows larger RMSF for the non-binding peptides compared to that of the 345 

binding peptides. The peptide binds to class I MHC primarily through the invariant peptidic termini[36, 346 

37]. The second residue and the last residue (residue 9) of the peptide play an important role in its binding 347 

affinity to the HLA-A*02:01 receptors [38-40]. Higher RMSF of peptide backbone at the amino terminus 348 

indicates that the peptide is highly flexible at the termini thus, loosely anchored to the receptor. The low 349 

RMSF for the binding peptides at the amino terminus indicates the strong binding of the peptide to the 350 

HLA receptor thus, which is consistent with the predictions made by OnionMHC.  A similar idea of using 351 

the fluctuations from MD trajectories to distinguish the true binding from decoys has also proved to be 352 

quite successful[41]. 353 

 We also performed the binding energy calculations using g_mmpbsa [42] available at 354 

https://rashmikumari.github.io/g_mmpbsa/. The molecular mechanics van der Waals potential energy 355 

is lower for binders than non-binders which is consistent with the predictions made by our model. 356 

However, the total binding energy that includes both molecular mechanics potential energy and free 357 

energy of solvation is unable to capture the same trend (Table S2, Additional File 3). Thus, the MMPBSA 358 

method is unable to distinguish the binders from non-binders. 359 

 360 
Figure 8: Root Mean Square Fluctuation (nm) of the residues in the peptide in the Molecular Dynamics simulation. 361 

https://rashmikumari.github.io/g_mmpbsa/
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Experimental Validation 362 

We also tested our model on the peptides that were obtained from neoantigen analysis on the patient 363 

exome sequencing samples from breast cancer patients. Our model OnionMHC performed equally well 364 

as NetMHCpan4-L and convMHC with correctly predicting 8 out of 11 peptides (Table 5). Two peptides 365 

LLAYRAYEL and NLWPVPHLL were predicted as false positives by all the models whereas RLPIFRLSI was 366 

predicted as false positive by NetMHCpan4-L and convMHC only. Of the 11 peptides tested, 367 

NetMHCpan4-L and convMHC predicted 3 false positives (LLAYRAYEL, NLWPVPHLL, and RLPIFRLSI), 368 

NetMHCpan4-B predicted 2 false positives (LLAYRAYEL, NLWPVPHLL) whereas OnionMHC predicted 2 369 

false positives (LLAYRAYEL and NLWPVPHLL) and 1 false negative (GLIEEGEKL). With 2 false positives, 370 

OnionMHC and NetMHCpan4-B showed a better positive predictive value (PPV) of 0.67 as compared to 371 

the value of 0.57 by NetMHCpan4-L and convMHC.  372 

S.No. 
Peptide 

Sequence 

convMHC NetMHCpan4.0-L NetMHCpan4.0-B OnionMHC 
Experimental 

results 

Score Binding Score Binding Score Binding Score Binding 
MFI 

Score 
Binding 

1 FLPPPECPV 0.8989 YES 0.676588 YES 0.856453 YES 13.31661 YES 3.13 YES 

2 FLLPPECPV 0.9211 YES 0.799927 YES 0.759096 YES 6.828626 YES 2.51 YES 

3 RLPIFSRLS 0.096 NO 0.003027 NO 0.406621 NO 9656.127 NO -0.052 NO 

4 RLPIFRLSI 0.8179 YES 0.170836 YES 0.13418 NO 610.4254 NO -0.043 NO 

5 LLAYRAYEL 0.8889 YES 0.495571 YES 0.68252 YES 18.51016 YES -0.066 NO 

6 LLACRAYEL 0.8559 YES 0.31138 YES 0.750783 YES 40.86188 YES 0.63 YES 

7 GLMEEGEKL 0.8416 YES 0.936163 YES 0.68583 YES 175.2056 YES 2.33 YES 

8 GLIEEGEKL 0.8378 YES 0.886652 YES 0.593803 YES 682.3957 NO 0.66 YES 

9 NLWPVPHLL 0.9146 YES 0.970742 YES 0.809898 YES 13.40361 YES 0.03 NO 

10 MLWRKTLKN 0.0944 NO 0.001155 NO 0.129977 NO 11879.35 NO -0.026 NO 

11 MLWRKTSKN 0.106 NO 0.000408 NO 0.087518 NO 13751.64 NO 0.03 NO 
Table 5: Experimental validation of peptides derived from exome sequencing analysis of breast cancer patients. 373 

 374 

Conclusion 375 
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In this study, we have developed a deep learning-based model to predict the binding affinity of a peptide 376 

with the HLA-A*02:01 receptors. The model employs both structure as well as sequence feature sets to 377 

predict binding affinity. This approach is quite different from the previous structure only or sequence only 378 

based approaches. Each of the methods has its advantage, however, combining features from both 379 

domains can provide a better prediction of the binding affinity of the peptide with MHC. Our model not 380 

only uses the information about the residue and their position in the peptide but also about the 381 

interactions taking place at the atomic scale. Since, in the structure-based features, the whole peptide is 382 

treated as a ligand, the residue-wise contribution towards peptide binding is lost. Thus, explicitly adding 383 

the sequence-based features with the structure-based features would allow the network to learn from 384 

the atomic interactions between the peptide-MHC as well as the different peptide residues contributing 385 

towards binding. We tested 2 different architectures in the sequence module with 3 different sequence 386 

feature sets. Although, there was not a very significant difference yet blosum62 encoding of the peptide 387 

sequences showed the best performance in LSTM architecture of the sequence module along with the 388 

structure module on the weekly benchmark dataset from IEDB. The combination of both structure and 389 

sequence features increases the performance compared to those models with either of the features alone 390 

as shown in model ablation analysis. Our model performed better than convMHC and HLAthena and is 391 

comparable with the current state-of-the-art model, NetMHCpan4. Furthermore, the predictions made 392 

by our model were consistent with the results from the molecular dynamics simulations and our model 393 

performs well on the peptides from breast cancer patients validated experimentally. Due to the 394 

involvement of intensive computation in structure modeling, the model was currently trained and tested 395 

on HLA-A*02:01 only. In the near future, the model can be further extended to predict the binding 396 

affinities of peptides to different alleles, a pan-alleles model.  397 

 398 
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Figures

Figure 1

Illustration of encoding of peptide AFVRFSTDK with three different encoding techniques used in this
study a) In one-hot encoding, each position is represented as a 20-dimensional vector with the value of
corresponding residue kept as 1 and remaining 19 residues as 0 b) In BLOSUM62 encoding, each position
is represented by the vector corresponding to the residue from the BLOSUM62 matrix c) In embedding
vector, each residue is assigned an integer value and the peptide is represented as embedding vector
formed out of those integer values.

Figure 2



Architectures tested in this study with structure module based on Convolutional Neural Network: a) Long
Short-Term Memory based neural network was used in sequence module with two lstm layers of 1000
neurons each and its output is combined with that of structure module using Fully Connected (FC) layer
b) Convolutional Neural Network-based neural network was used in sequence module with three 1-D
convolutional layers (of �lter size 64, 128, 256), followed by maximum pooling and its output is also
combined with that of structure module using Fully Connected (FC) layer

Figure 3

Performance evaluation of the six generated models on the IEDB benchmark dataset



Figure 4

Performance comparison of OnionMHC with different prediction algorithms (Trolle et. al 2015) on the
most recent IEDB benchmark dataset, measured in terms of Spearman Rank Correlation Coe�cient
(SRCC) and area under receiver operating curve (AUC)



Figure 5

Overlapping peptides between the training data and benchmark data with measurement value: a) binary;
b) ic50; c) half-life (t1/2)



Figure 6

Area under the receiver operating curves for the non-overlapping peptides a) ic50 dataset (195 peptides)
b) binary dataset (694 peptides) c) half-life dataset (167 peptides)



Figure 7

Model Ablation analysis of OnionMHC showing the individual performance of sequence and structure
module on IEDB benchmark dataset



Figure 8

Root Mean Square Fluctuation (nm) of the residues in the peptide in the Molecular Dynamics simulation.
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