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Abstract. The C57 Black 6 (C57BL/6) mice are one the earliest and most widely
used inbred laboratory animals in biomedical research and vaccine development.
We propose developing a bioinformatics system for the identification of T-cell
epitopes in C57BL/6 mice by integrating multiple contributing factors critical to
the antigen processing and recognition pathway. The interaction between peptides
andMHCmolecules is a highly specific step in the antigen processing pathway and
T-cell mediated immunity. As the first step of the project, we built a computational
tool for predicting MHC class I binding peptides for the C57BL/6 mice. Utilizing
deep learning methods, we trained and rigorously validated the prediction models
using naturally eluted MHC ligands. The prediction models are of high accuracy.
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1 Introduction

The design of vaccines is an intricate, multidimensional task. Because of the growing
population and extremely high mobility of the human population, traditional vaccine
development technologies are insufficient to address the challenges of pandemics and
rapid spread of highly contagious and rapidly mutating viruses. Major challenges are
emerging for developing novel vaccines to target pathogens that are difficult to control
[1]. Most of newly developed vaccines for protection against COVID-19 are based on
vaccine technologies that target antigen-presenting cells thatwere considered experimen-
tal as recently as 2021 [1]. Computational approaches are essential for the rapid develop-
ment of vaccines because they significantly speed up the vaccine development by rapidly
detecting vaccine targets [2]. An effective subunit vaccine must elicit strong immune
responses against targets in vaccinated individuals, both B-cell and T-cell responses [3].
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The human adaptive immune response, characterized by specificity, involves spe-
cialized cells that detect non-self antigens and orchestrate targeted immune reactions [4].
Cytotoxic T cells, a vital component of the adaptive immune system, actively search for
short antigenic peptides presented by major histocompatibility complex (MHC) class
I molecules. The MHC class I antigen processing pathway involves several key steps:
proteins are cleaved into shorter peptides by the proteasome, peptides are translocated
into the endoplasmic reticulum (ER) via the transporter associated with antigen process-
ing (TAP), further degradation of peptides may occur in the ER by aminopeptidases,
peptides bind MHC molecules, and finally, peptide-MHC complexes are transported to
the cell surface for recognition by CD8+T cells [5]. MHC binding is considered the most
selective stage in T cell recognition. Peptides presented by MHC and recognized by T
cells are referred to as T-cell epitopes. Accurately identifying T cell epitopes speeds up
the design and development of epitope-based vaccines [6, 7].

Computational approaches have been successful in designing population-based vac-
cines by precisely identifying vaccine targets that offer broad protection across popula-
tion. However, given that COVID-19 is highly contagious and rapidly mutating, there
were several practical issues with available vaccines due to viral and host factors [8]: 1)
individuals have different immunological profiles, and there will be antigenic mismatch
in subpopulations; 2) increased transmissibility reduces vaccine efficiency; and 3) rapid
viralmutationsmake optimal vaccine amoving target. Computational vaccinology needs
to address the issues of high host diversity vs. rapid mutation of pathogen, with highly
dynamic environment of optimal vaccine targeting. Deep learning has been proposed as
an approach for effective vaccine design [9]. It was even suggested that deep learning
models cannot be run on personal computers, but they require supercomputing facilities
with extensive mass spectrometry support [10, 11]. These approaches are top-down,
and they do not resolve the host diversity and target mutability problem. We propose a
bottom-up approach whereby deep learning is applicable to individual immunological
profiles and the results provide individualized vaccine targets. The trained models then
can be used to rapidly assess viral mutations and potential immune escape of viral vari-
ants. To explore this goal, we developed a model that targets a specific combination of
MHC alleles and, for simplicity, deployed it on a mouse model.

Mouse models are widely utilized in immunological research due to their relatively
less complex composition of the immunopeptidome [12]. Studies have shown that vac-
cines composed of synthetic peptides resembling cancer neoepitopes have resulted in
efficient T-cell activities and killed cancer cells in bothmousemodels and human patients
[13–16]. The C57 Black 6 (C57BL/6) mice are one the earliest and most widely used
inbred laboratory animals in biomedical research and vaccine development. C57BL/6
mouse expresses two MHC class I alleles, H2-Db and -Kb [12].

Reverse immunology approaches involve the identification of immune targets
through extensive bioinformatics screening of complete pathogenic genomes, followed
by experimental validation [17].. Multiple online bioinformatics systems have been
developed to predict peptides binding MHC alleles, including H2-Db and H2-Kb alleles
[6, 18, 19].Many of themwere trainedmainly based onMHCbinding peptides identified
using in vitro binding assays. MHC-peptide in vitro binding assays assess the binding of
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peptides to specific MHC molecules, a prerequisite for T-cell activation. With techno-
logical advancement, liquid chromatography-tandem mass spectrometry (LC-MS/MS)
has been employed to physically detect naturally processed and presented peptides on
the cell surface [20–22]. We refer to these experimentally determined, naturally pro-
cessed peptides as eluted ligands. As more and more datasets of eluted ligands are
becoming available, this gives us opportunities to build more accurate prediction mod-
els using more biologically relevant data while incorporating the antigen processing
steps simultaneously [20–23].

Moreover, most existing tools only model a single step in the MHC class I anti-
gen processing pathway, the binding between MHC molecules and peptides. We pro-
pose a computational system for the identification of T-cell epitopes in C57BL mice by
integrating other contributing factors critical to the antigen processing and recognition
pathway, including proteasome cleavage, gene expression, and antigenicity. As the first
step, we built a bioinformatics tool that predicts binding peptides of the MHC class
I molecules H2-Db and -Kb, of the C57BL/6 mice. Utilizing deep learning methods,
we trained and rigorously validated the prediction models using naturally eluted MHC
ligands. The prediction models are of high accuracy. This system is a prototype for
exploring personalized targeting of vaccines for highly contagious and rapidly mutating
pathogens. Because of high combinatorial complexity of host-pathogen interaction of
such viruses, deep learning represents a promising platform for improving personalized
vaccine targeting.

2 Materials and Methods

2.1 Data Collection and Transformation

The Immune Epitope Database and Analysis Resource (IEDB) compiles manually
curated information on experimentally discovered B Cell and T cell epitopes found on
various species, MHC binding peptides, and accompanying experimental settings [24].
Its contents were gathered primarily from literature from 1952 to now.We assembled our
training data sets by collecting MHC ligand elution assay data from IEDB and enriched
it with information from peptide processing tools [23]. When performing searches in
IEDB, the following search criteria were adopted, Epitope: Linear peptide, Assay: MHC
ligand, Assay Type: MHC Ligand Elution Assay, Outcome: Positive, and MHC Restric-
tion: H2-Db (or H2-Kb) protein complex. The search result contained 96,838 assay
entries, with 44,565 for H2-Db and 52,273 for H2-Kb.

We discarded ligands identified only by one positive assay to increase data quality.
Ligands with two or more positive assay records were kept in the data sets as MHC
binders. Our final dataset included 3,395 H2-Db ligands and 3,961 H2-Kb ligands of
length 8–11. Additional binding peptides were extracted from the NetMHCpan 4.1 train-
ing datasets [23]. After comparing the two data sets and removing duplicates, 885H2-Db

ligands and 1,187 H2-Kb ligands from the NetMHCpan 4.1 dataset were added to the
training dataset. Table 1 summarizes the numbers of MHC ligands collected. We also
extracted random natural peptides from the NetMHCpan 4.1 datasets to use as non-
binders. As the first step, we focused on building prediction models for H2-Db and -Kb

9-mer ligands.
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Table 1. Eluted H2-Db and H2-Kb ligands collected from IEDB and NetMHCpan 4.1 dataset.

Length H2-Db ligands H2-Kb ligands

IEDB NetMHCpan Sum IEDB NetMHCpan Sum

8 210 14 224 2411 646 3057

9 2357 585 2942 1292 395 1687

10 481 151 632 175 68 243

11 347 135 482 83 78 161

Sum 3395 885 4280 3961 1187 5148

2.2 The Deep Learning Model

Deep learning, a branch of machine learning, is highly proficient in unveiling patterns
from vast, multifaceted labeled data. This proficiency comes from its capacity to model
high-level abstractions using architectural constructs known as neural networks [25].
Neural networks consist of interconnected layers, including an input layer, at least one
hidden layer, and an output layer. The hidden layers are internal to the network and learn
complex features from the inputs, whereas the output layer produces the final predictions.
We developed deep neural network (DNN) models with several layers to learn patterns
and characteristics within our training data. These layers serve as processing stages - akin
to filters - each adding more complexity. We employed the Python Keras library [26] in
this study. An Application Programming Interface (API) enables software applications
to establish communication and interact with one another. The high-level neural network
API of the Keras library can run on top of lower-level libraries like TensorFlow, Theano,
or CNTK [25]. Keras provides predefined layers, such as dense (fully connected) layers,
convolutional layers, and recurrent layers, which allow for a high degree of flexibility
in designing custom neural network architectures. Due to its simplicity and effective-
ness, we implemented a sequential model with dense (fully connected) layers using the
backpropagation algorithm.

2.3 The Study Design

The overall structure of our study consisted of the following steps:

1. The 9-mer data of both alleles were divided into training and testing datasets using a
stratified method to maintain an approximate 80/20 ratio. To ensure reproducibility,
we set the random seed to 42. Details of the datasets are shown in Table 2.

2. We encoded each 9-mer ligand in the training data into two NumPy arrays. The first
array represents the nine amino acids in the ligand, as shown in Fig. 1. After evaluating
several amino acid encodingmethods, we selected the one-hot encoding for simplicity
and effectiveness [27]. The second array contains a binary label indicating binding
(1) or non-binding (0).

3. We then constructed dense neural network models. The final model consists of one
input layer and two hidden layers. The first hidden layer contains 128 neurons, and
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Table 2. Training and testing datasets for A) H2-Db and B) H2-Kb. The binder/non-binder ratio
is 19/81 and 11/89 for H2-Db and -Kb training and testing datasets.

Datasets # of Binders (Percentage) # of Non-binders (Percentage) Total

H2-Db

Training 2349 (19%) 9992 (81%) 12341

Testing 593 (19%) 2493 (81%) 3086

sum 2942 12485 15427

H2-Kb

Training 1345 (11%) 10706 (89%) 12051

Testing 342 (11%) 2671 (89%) 3013

sum 1687 13377 15064

Fig. 1. The array representing the 9-mer peptide, AAIGNQLYV, using One-hot encoding.

the second has 64 neurons with a Leaky ReLU activation function to introduce non-
linearity and allow the learning of more complex patterns [28]:

LeakyReLU (x) =
{

x if x > 0
αx if x ≤ 0

(1)

where α is a small positive constant, typically a small fraction. In our model, we set
α = 0.01 to allow a small gradient for negative values, allowing learning to occur
even for negative inputs to avoid the vanishing and exploding gradients problem. The
output layer has a sigmoid activation function, guaranteeing that the output is between
0 and 1, making it useful for binary classification [29].

Sigmoid(x) = 1

1 + e−2 (2)
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MHCbinders tend to produce values close to 1(binding),while non-binders tend to
yield values close to 0 (non-binding). We compiled this model using the binary cross-
entropy loss function [30] since both the sigmoid activation and binary cross-entropy
loss functions are constructed for binary classification problems [25].

L = −[y ∗ log(p) + (1 − y) ∗ log(1 − p)] (3)

where y represents the actual class label (either 0 or 1) of the binary classification
problem, and p represents the predicted probability of the positive class. The loss
function computes the logarithmic loss between p andy.Wheny is 1, the loss penalizes
the model more if it predicts a low probability. When y is 0, the loss penalizes the
model more for predicting a high probability for the positive class. The negative sign
at the beginning of the equation converted it into a minimization problem. The goal
is to minimize this loss function during the training to update the model’s parameters
and improve its predictive performance.

4. Batch normalization, a technique in deep learning, was applied to improve a neural
network’s performance. This is achieved bynormalizing themini-batch, and then scal-
ing and shifting the normalized values using learned parameters. Batch normalization
stabilizes the distribution of each layer’s inputs during training, leading to faster and
more stable convergence [31]. After trying various sizes for batch normalization, we
chose batch size 32 as it produced the best performance.

5. We also used early stopping, a form of regularization to avoid overfitting [32]. If the
model’s prediction performance on the validation set does not demonstrate improve-
ment for a predefined number of epochs, the training process stops.We started training
by running 100 epochs, and the model stopped in less than 20 epochs. After imple-
menting the early stopping function with hyper-parameter patience being 10, we
changed the epoch to 30. We trained the networks with 30 epochs and a batch size
32 and evaluated the model using the testing datasets.

6. We then fine-tuned the hyper-parameters to optimize the performance, including
adjusting the number of hidden layers, the size each layer, and the optimizer learning
rate.We also tried various activation functions in hidden layers.We defined a callback
function, such as Model Checkpoint, to record the best-performing model [25]. This
way, we ensured that the best-performing model was recorded during training, which
is helpful when trying out multiple sets of parameters and working with large datasets
or when training takes a long time. We tried various optimizers and settled on Adam
as it produced the best performance (Fig. 2) [33]. In stochastic gradient descent, the
learning rate needs to be manually tuned. Adam computes individual learning rates
for different parameters, resulting in adaptive learning rates.
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Fig. 2. The performance of various optimizers.

2.4 The Validation Dataset

In 2020, Paul et al. benchmarked the publicly available MHC binding prediction models
using a set of H2-Db and H2-Kb restricted T-cell epitopes derived from the Vaccinia
virus (VACV)” [19]. All models demonstrated reasonable prediction performance, and
the NetMHCpan-4.0 and MHCflurry, based on deep learning models trained on MHC
binding affinity and eluted ligand data, were the top performers among the 17 models
evaluated.Many of these models were developed over a decade ago, while NetMHCpan-
4.0 and MHCflurry are the newest additions. We validated the developed prediction
model using the same published dataset [19]. It contains naturally processed and eluted
peptides from VACV-infected mice cells [34]. Out of all LC-MS/MS identified pep-
tides, we filtered out 111 9-mer ligands, 78 for H2-Db and 33 for H2-Kb. We randomly
generated 549 9-mer peptides using the VACV proteomes data and included them as
non-binders in the validation dataset.
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3 Results

SYFPEITHI is one of the earliest online databases that capture information on MHC
binding peptides, MHC binding motifs, and anchor positions et al. [35]. SYFPEITHY
motifs were used as a guide for assessing anchor positions in binding peptides. We
generated sequence logos usingWebLogo [36] based on the 9-mer ligands collected and
compared them with binding motifs provided by SYFPEITHI (Fig. 3). Both the H2-Db

binding motifs identify positions 5 and 9 as anchor positions. In addition, the sequence
logo showed apparent amino acid selectivity at positions 2 and 3. The H2-Kb binding
motifs show high similarity.

A)  9-mer binding motifs generated by WebLogo (left) and SYFPEITHI (right). 

B)  9-mer binding motifs generated by WebLogo (left) and SYFPEITHI (right). 

Fig. 3. Binding motifs for A) H2-Db and B) H2-Kb 9-mer peptides.

Our prediction models were trained and tested using the training and testing datasets
described in Table 2. Themodelswere validated using the validation dataset. ROC curves
(receiver operating characteristic curve) andAUC(area under theROC) are used to assess
the overall prediction performance. As shown in Fig. 4, both models demonstrated high
accuracy. The AUC values of the H2-Db model were 0.98 using the testing data and
0.97 using the validation data. The AUC values of the H2-Kb model were 0.96 using the
testing data and 0.92 using the validation data.
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A)  ROC curves. 

B)  ROC curves.

Fig. 4. ROC curves show the performance of the prediction models.

4 Conclusion

Immune-based therapies are revolutionizing cancer care and vaccine development. Most
of these therapies are first developed and tested in mice due to their shared mammalian
features with humans. Understanding the epitope presentation to the T cells in mice is
crucial for analyzing and interpreting these immune therapies. We propose developing a
bioinformatics pipeline based on deep learning for in silico prediction of T-cell epitopes
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in C57BL mice. This computational modeling approach integrates peptide binding and
antigen processing in one deep learning system. It addresses critical contributing factors
to the antigen processing and recognition pathways, including proteasomal cleavage,
gene expression, and antigenicity. Here we reported preliminary results on building
a prediction tool for peptide binding to H2-Db and H2-Kb alleles that represent the
immunological profile of C57BL/6 mice, a common research model. We trained and
rigorously validated dense neural network models using naturally eluted MHC ligands.
The prediction models are highly accurate, evidenced by the high AUC values in the
testing and validation. We plan to build on this model, incorporate additional tools to
develop a highly accurate bioinformatic pipeline for in silico prediction of T-cell epitopes
in C57BL mice and other mouse models, and extend it to human haplotypes.
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