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ARTICLE INFO ABSTRACT

Keywords: HLA-DRB1*04:01 is associated with numerous diseases, including sclerosis, arthritis, diabetes, and COVID-19,
HLA-DRB1704:01 emphasizing the need to scan for binders in the antigens to develop immunotherapies and vaccines. Current
Immunotherapy

prediction methods are often limited by their reliance on the small datasets. This study presents HLA-DR4Pred2,
developed on a large dataset containing 12,676 binders and an equal number of non-binders. It’s an improved
version of HLA-DR4Pred, which was trained on a small dataset, containing 576 binders and an equal number of
non-binders. All models were trained, optimized, and tested on 80 % of the data using five-fold cross-validation
and evaluated on the remaining 20 %. A range of machine learning techniques was employed, achieving
maximum AUROC of 0.90 and 0.87, using composition and binary profile features, respectively. The perfor-
mance of the composition-based model increased to 0.93, when combined with BLAST search. Additionally,
models developed on the realistic dataset containing 12,676 binders and 86,300 non-binders, achieved a
maximum AUROC of 0.99. Our proposed method outperformed existing methods when we compared the per-
formance of our best model to that of existing methods on the independent dataset. Finally, we developed a
standalone tool and a webserver for HLADR4Pred2, enabling the prediction, design, and virtual scanning of HLA-
DRB1*04:01 binding peptides, and we also released a Python package available on the Python Package Index (htt
ps://webs.iiitd.edu.in/raghava/hladr4pred2/; https://github.com/raghavagps/hladr4pred2; https://pypi.org/p
roject/hladr4pred2/).
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1. Introduction

The human leukocyte antigen (HLA) complex is a highly poly-
morphic genomic region located at chromosome 6 in the human genome
[1-3]. The HLA system is classified into three major categories I, II, and
111, where I (HLA-A, —B, —C) and II (HLA-DP, —DQ, —DR) genes are
polymorphic in nature [4]. IMGT/HLA is the largest repository of HLA-
related sequences, reports thousands of human major histocompatibility
complex (MHC) associated alleles and genomic sequences [5-7]. HLA
class-I molecules display intracellular peptides to CD8" T-cells, whereas

HLA class-II molecules are composed of two polypeptide chains (« and B)
and presents extracellular peptides to CD4" T-cells. HLA-class II alleles
are mainly presented on antigen presenting cells, for instance, B-cells,
macrophages, dendritic cells (DCs), etc. [8-10]. The binding groove of
MHC-II molecules is open at both ends, allowing longer peptides to
extend beyond the groove from the flanking regions, as shown in Fig. 1
[11,12]. The majority of MHC class-II alleles present peptides that are
derived from pathogenic proteins [13,14]. MHC class-II alleles bind
peptides and present them on the cell surface, where they interacts with
T-cell receptors (Fig. 1A). This interaction activates CD4" T-cells, which
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secrete cytokines, such, as interferon-gamma, tumor necrosis factor, and
granulocyte-macrophage colony-stimulating factor (GM-CSF) to initiate
the immune responses.

In the past, several studies have shown that the HLA-DR4 gene is
highly correlated with several diseases [15-18], especially, HLA-DRB1
* 04:01 is associated with the development of multiple sclerosis [19,20],
autoimmune disorders [21], type 1 diabetes [22], Lyme disease [23],
COVID-19 severity, and rheumatoid arthritis [24]. HLA-DR4 molecules
play a significant role in autoimmune disorders initiation and progres-
sion (Fig. 1B). Therefore, it is of utmost importance to determine the
epitopes which bind to HLA-DRB1*04:01 in order to understand or cure
several autoimmune disorders [25-29]. Studies also reveal that, patients
positive with HLA-DR4 associated alleles have maximum chances of
having autoimmune disorders, therefore it could be significant as ge-
netic biomarker. Researcher developed a number of experimental
techniques for the detection of HLA-peptide bindings, but they are time-
exhaustive and cost-effective [30,31]. Virtual scanning of HLA-DR4
binders at genome level is not practically feasible due to the time,
cost, and complexity involved in experimental techniques. A number of
computational methods have been developed to predict HLA-DR4
binders, which can facilitate the scientific community in performing
the scanning of binders at large scale [32-36]. In 2004, our group
developed the HLADR4Pred method, which is widely used and cited by
the scientific community. One of the major limitations of HLADR4Pred
is that it is trained on a small dataset that was available in 2004.We have
provided the comprehensive comparison between the HLADR4Pred and
HLADR4Pred2 in Supplementary Table 1.

In this study, we present an upgraded version of HLADR4Pred, which
was trained using the largest dataset available in the immune epitope
database (IEDB). We deployed state-of-the-art techniques to enhance the
accuracy of predicting HLA-DRB1*04:01 binders. Initially, we created
two datasets: the main dataset containing 12,676 HLA-DRB1%04:01
binders and an equal number of non-binders, and the alternate dataset
containing 12,676 binders and 86,300 non-binders. In order to classify
binders and non-binders, we developed classification models using a
wide range of machine learning techniques. All models were evaluated
using internal and external validation techniques. It is a known fact that
the similar sequences or patterns have similar functions, this fact has
been utilized in this study to improve the accuracy of binder prediction.
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In this study, we used Basic Local Alignment Search Tool (BLAST) for
sequence similarity search and MERCI software for motif/pattern dis-
covery and searching. The culmination of our work is an ensemble
method that combines machine learning and similarity-based ap-
proaches, enabling the precise prediction of HLA-DRB1%04:01 binders
(Fig. 2).

2. Material and methods
2.1. Dataset Creation and Preprocessing

In this study, we have extracted experimentally validated HLA Class-
II allele HLA-DRB1*04:01 binding peptides from IEDB [37]. Initially, the
total number of binding peptides extracted from IEDB was 19665, with
length varying from 8 to 32 amino acids. After eliminating identical
peptides and peptides containing non-natural amino acids, we were left
with 12,880 unique peptides. Further analysis of the peptide lengths
revealed that 98.4 % (i.e., 12,676 peptides) ranged from 9 to 22 amino
acids in length (as depicted in Supplementary Fig. 1). Consequently, we
selected these 12,676 peptides to constitute our positive dataset. In such
prediction methods, one of the primary challenges is acquiring an
experimentally validated negative dataset, which consist of non-binders
of HLA-DRB1*04:01 allele. We generated peptides of length 9 to 22
residues from protein in Swiss-Prot database. We randomly picked up
12,676 peptides from Swiss-port generated peptides and assigned them
as non-binders. Finally, we create a main dataset that contain of 12,676
experimentally validated binders obtained from IEDB and 12,676 non-
binders generated from proteins in Swiss-Prot database.

In addition to main dataset, we also generated an alternate dataset or
realistic dataset that contain 12,676 binders and 86,300 non-binders
obtained from IEDB. These 86,300 non-binders were obtained from
IEDB after removing HLA-DRB1*04:01 binders and peptides that do not
have lengths between 9 and 22 amino acids. Both the dataset was further
divided into training and independent dataset, where 80 % of the data
constitute training and the remaining 20 % make independent dataset
[56]. To avoid the biasness in the length distribution in training and
independent dataset, we have arranged all peptides as per their length
and then transferred every fifth peptide into the independent dataset
and rest constitutes the training dataset.
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Fig. 1. (A) Pictorial representation of peptide presented by MHC-II molecules to T-cells, anchor residues of peptides bound to the allele-specific pockets of MHC-II;
(B) Association of HLA-DRB1%04:01 allele with number of diseases.
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Fig. 2. A flowchart shows overall workflow of algorithm implemented in this study.

2.2. Composition analysis

To check the abundance of each amino acid in each dataset, we
calculated the composition of each amino acid using equation (1). We
have utilized the amino acid composition module of Pfeature [38] to
calculate the composition of positive and negative set separately in each
dataset.

NR;

TR M

CR;

Where, CR; represents composition of residue i; NR; is total number of
residues of type i; and TR stands for total number of residues.

2.3. Position conservation analysis

In order to explore the position specific preference of residues, we
have created the logos using the software named ‘Weblogo’ [39] web-
server. A stack of amino acids that are measured in bits is graphically
represented by this software. The overall height of each stack represents
the sequence conservation at that position. On the other hand, the height
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of symbols within a stack reflects the relative frequency of the relevant
amino at that particular position [38]. Ensuring the peptide’s fix length
parameter is a prerequisite for creating a logo. Since, the minimum
length of the considered peptide is 9, hence to achieve the fix length
criteria, we have taken the first 9 residues from the N-terminal and last 9
residues from the C-terminal. Finally, by concatenating both the regions,
we have created a fix length peptide with 18 residues. We have created
the “weblogo” for HLA-DRB1*04:01 binders and non-binders in the,
main, and alternate dataset.

2.4. Generation of features

In this study to represent the sequence as a numerical vector, we
have utilized the composition and binary profile module of Pfeature
[38]. By using this tool, we have computed an extensive set of features,
including composition and binary profile-based features. Using
composition module we have calculated fifteen different type of features
such as amino acid composition (AAC), dipeptide composition (DPC),
atomic composition(ATC), bond composition(BTC), physico-chemical
properties based composition (PCP), residue repeat information (RRI),
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distance distribution of residues (DDOR), Shannon entropy for all resi-
dues (SER), Shannon entropy based on physico-chemical properties
(SEP), conjoint triad calculation (CTC), composition enhanced transi-
tion and distribution (CeTD), pseudo amino acid composition (PAAC),
amphiphilic pseudo amino acid composition (APAAC), quasi-sequence
order (QSO), and sequence order coupling number (SOCN). By imple-
menting binary profile-based module, we have computed the four
different features, such as, binary profile of first nine residues (No), bi-
nary profile of last nine residues (Cy), and combination of Ng and Cg
binary profiles (NgCy). In Supplementary Table 2, we have reported the
length of the vector size generated by composition, and binary profile
based features. In Table 1, we have shown the example sequences of
different length and highlighted the regions in the sequences which is
designated as Ng, Cg and NoCo, respectively.

Similarly, binary profile for pattern size with twenty-two residues
(NCg2) were also generated. The major challenge in calculating the bi-
nary profile for NCy, pattern was the varying length of the peptides. In
order to tackle that situation, we have appended the dummy variable
“X” in the sequences having length less than 22 as shown in Table 2.

2.5. Model development

In order to train and develop prediction models, we have utilized a
diverse set of classifiers using scikit-learn [40] library of python such as
decision tree (DT), random forest (RF), logistic regression (LR), extreme
gradient boosting (XGB), k-nearest neighbor (KNN), gaussian naive
Bayes (GNB), extremely randomized tree (ET), and support vector
classifier (SVC).

2.6. Cross-Validation

To build more robust and accurate prediction models, we adopted
the five-fold cross-validation technique that avoids overfitting and
minimizes the bias in our generated models. Moreover, it also allows us

(TP + TN + FP + FN)(TP + TN) — [(TP + FP)(TP + FN) + (EN + TN)(FP + TN)]
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Table 2

Generation of NC22 patterns from the original sequences with varying length.
Original sequences Original NC22

length

TQQKKADRY 9 TQQKKADRYXXXXXXXXXXXXX
ISAYLLSKNNAI 12 ISAYLLSKNNAIXXXXXXXXXX
GTFQKWAAVVVPSGE 15 GTFQKWAAVVVPSGEXXXXXXX
SAIEYTIENVFESAPNPR 18 SAIEYTIENVFESAPNPRXXXX
LPGDKSKAFDFLSEETEASLAS 22 LPGDKSKAFDFLSEETEASLAS

rameters. In this method, we implemented both threshold-dependent
and threshold-independent parameters. For threshold-dependent pa-
rameters, we considered sensitivity, specificity, accuracy, Fl-score,
kappa, and Mathews correlation coefficient (MCC). Meanwhile, area
under the receiver operating characteristics curve (AUROC) is the
measure of separability and it signifies how well the model is capable of
distinguishing between the classes. Threshold-dependent parameters
were calculated using the following equations:

TP

Sensitivity = PN (2)
Specificity = TNTifFP 3
Accuracy = % @
F1 — Score = % ()

MCC — (TP*TN) — (FP*EN) -
/(TP +FP)(TP + FN)(IN + FP)(TN + FN)

(TP + TN + FP + FN)? — [(TP + FP)(TP + FN) + (FN + TN)(FP + TN)]

to assess the efficiency of the prediction models. As per the standard
norms, we have implemented the five-fold cross validation technique on
the training dataset and kept the independent dataset untouched. As per
the standard protocols, in this technique, the entire dataset is divided
into five parts, where four parts are used to train the model and tested on
the remaining fifth one. The same process is iterated five times in such a
way that each set/part gets the chance to act as a testing dataset. Finally,
the overall performance is the mean of the performances of five itera-
tions [57].

2.7. Evaluation of parameters

To ensure the fair evaluation of the different models developed using
various classifiers, we have used the well-established evaluation pa-

)

Where, TP stands for true positive; TN stands for true negative; FP stands
for false positive; FN stands for false negative

2.8. Model optimization

We evaluated eight different machine learning algorithms, and tuned
the hyper parameters according to the training dataset. For this purpose,
we used GridSearchCV to find the best performing parameters for each
of our machine learning classifiers and optimised them by maximizing
the AUROC.

2.9. Similarity search

In order to predict, if the query peptide is a binder of a HLA-

Table 1

Generation of Ny, Cy, and NoCg patterns from the original sequences with varying length.
Original sequences N9 C9 N9C9
TQQKKADRY TQQKKADRY YRDAKKQQT TQQKKADRYYRDAKKQQT
ISAYLLSKNNAI ISAYLLSKNNAI IANNKSLLYASI ISAYLLSKNIANNKSLLY
GTFQKWAAVVVPSGE GTFQKWAAVVVPSGE EGSPVVVAAWKQFTG GTFQKWAAVEGSPVVVAA
SAIEYTIENVFESAPNPR SAIEYTIENVFESAPNPR RPNPASEFVNEITYEIAS SAIEYTIENRPNPASEFV
LPGDKSKAFDFLSEETEASLAS LPGDKSKAFDFLSEETEASLAS SALSAETEESLFDFAKSKDGPL LPGDKSKAFSALSAETEE
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DRB1*04:01 using similarity search, we have implemented BLAST [41]
using the NCBI-blast executable version 2.13.0. We have created the
custom database using our training dataset by implementing “make-
blastdb” module of NCBI-blast. Then, to make the prediction for query
sequences, we have implemented the “blastp” module with “blastp-
short” as task, since the peptide length are small. Top-hit against the
query sequences were considered to assign the classes as binder or non-
binder.

2.10. Motif analysis

To make the predictions using the small regions which are shared by
all the sequences of a particular class also called motifs, we have
implemented the Motif-Emerging and with Classes-Identification
(MERCI) tool [42] with default parameters. We have identified the
motifs which are specific to the HLA-DRB1*04:01 binders and used them
to assign the class as binder to the query/unseen data if the particular
motif is found else assigned them as non-binders.

2.11. Webserver architecture

We have developed the user-friendly updated version of our old
webserver HLADR4Pred and named it as HLA-DR4Pred 2.0 to predict,
scan, and design the HLA-DRB1*04:01 binding peptides. The front end
of the webserver was developed using HTML (v5), PHP (v7), CSS (v3),
and JavaScript (v 1.8). The backend of the server uses Perl and Python
3.6. The server compatibility was tested and confirmed to be compatible
with all the modern devices, including mobile, tablet, laptop, iMac, and
desktop. The server is designed with six major modules, including pre-
dict, scan, design, blast, motif-scan, and standalone, to address the needs
and tasks of various users efficiently.

3. Results
3.1. Composition analysis

In the present study, we have calculated the average composition of
each residue in HLA-DRB1*04:01 binders and non-binders in the data-
set. The amino acid composition is calculated using Pfeature [38]. The
average residue composition for each dataset is provided in Fig. 3, and it
exhibits that serine residue is abundant in HLA-DRB1*04:01 binding
peptides in comparison to the non-binding peptides. Moreover, the
similarity in the trends of the negative dataset generated randomly using
the Swiss-Prot [43] database and general proteome signifies that the
negative dataset is not biased towards a particular amino acid or the
nature of amino acids.

Methods 232 (2024) 18-28
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Fig. 4. Positional preference of residues presented by web logo for A) HLA-
DRB1%04:01 binders, B) HLA-DRB1*04:01 non-binders.

3.2. Position preference analysis

In this study, the preference of particular residues at a specific po-
sition in a peptide was studied by creating the “Weblogo” for HLA-
DRB1*04:01 binders and non-binders for main, and alternate dataset,
as shown in Fig. 4. In the case of HLA-DRB1*04:01 binders, positions 4,
5, and 6 are preferred by hydrophobic residues ‘L/F/Y/1/V’; where po-
sition 9 is covered by polar and uncharged amino acids ‘S/T/A’; position
10 is preferred by positively charged amino acid residues ‘K/R’; ‘S/A’
amino acids are favoured in positions 13-15; positions 16 and 17 are
preferred by polar amino acids ‘S/T’, and ‘D’ residue is found to be most
abundant at position 18 in HLA-DRB1*04:01 binding peptides. On the
other hand, in case of HLA-DRB1*04:01 non-binding peptides, ‘P’ is
preferred at position 2; positions 4 and 5, are most preferred by positive
amino acid ‘K’; position 10 is also preferred by positively charged resi-
dues ‘K/R’; and positions 14-18 showed abundance for residues ‘A/L’.

3.3. Performance of models on composition and binary profile based
module

We have calculated the fifteen different types of composition features
and the binary profiles for different patterns such as Ng, Cy, NgCg, and
NCjy; using the Pfeature module [38] to develop the prediction models
using eight different classifiers using sklearn [40] library of python. The
models were developed by implementing classifiers like DT, RF, LR,
KNN, XGB, GNB, ET, and SVC. The models were trained on the training
dataset and externally validated on the independent dataset of the main,
and alternate datasets. The comprehensive performance of all the per-
forming models developed on the training and independent dataset

12.00
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4.00

Average Percent Composition

0.00

|
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General 8.25 | 137 | 545 | 6.75 7.07 5.96

9.66 | 2.42 | 4.06 | 4.70 | 3.93 5.34 292

Fig. 3. Average percent amino acid composition of HLA-DRB1*04:01 binder, non-binders and general proteome.
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Fig. 5. The performance of ET based classifier developed using fifteen different types of composition based features, and four different types binary profile based

features on main, and alternate dataset.

using different types of features is reported in Supplementary Table 3. It
was observed that the ET classifier performs best among all the other ML
models. As shown in Fig. 5, the ET classifier based model developed on
DPC features outperformed all the other models developed on other
features, with an AUROC of 0.90 on the independent data of the main
dataset; and an AUROC of 0.96 on the independent data of the alternate
dataset. CTC based model performed second best with an AUROC of 0.87
on independent data of the main dataset. However, the binary profile
pattern NCyo also outperformed the other patterns with an AUROC of
0.87 on independent data of the main dataset.

3.4. Performance of models on combined features

Further, we have combined all the features to develop the vector of
size 2382 for each peptide belong to different datasets and develop the
prediction models using eight different classifiers by hyper-tuning the
parameters to maximize the AUROC on the training dataset and inde-
pendent dataset. As shown in Fig. 6, the ET-based model developed
using combined features outperformed all the other classifiers by
attaining the maximum AUROC of 0.88 on the independent data of the
main dataset. Supplementary Table 4 comprises the threshold-
dependent and threshold-independent performance measures of all the
classifiers on the main, and alternate datasets.

3.5. Performance of the hybrid model

On observing the performances of various machine learning classi-
fiers on different types of features, it was found that the ET-based model
developed on DPC features outperformed all the other features with an
AUROC of 0.90 on the independent data of the main dataset. Conse-
quently, in order to enhance the performance, we have integrated the
ET-based model of DPC with similarity search using BLAST [41], and
call it the hybrid model. We have implemented BLAST by varying the e-
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values in order to find the optimal e-value, at which we can achieve the
maximum AUROC. Table 3 captures the results for each dataset at
different e-values for training as well as independent datasets. We varied
the e-value from e® to e2, and the main dataset was able to achieve an
AUROC of 0.93 on the independent dataset at an e-value of 1.0, followed
by an alternate dataset achieving an AUROC of 0.99 on the independent
dataset. Comprehensive results are provided in Supplementary Table 5.
The optimal parameters for the DPC-based ET model, identified using
the GridSearchCV approach, are presented in Supplementary Table 6.
The same model has been implemented at the backend of the server and
respective standalone packages.

3.6. Motif analysis

In this study, we have implemented MERCI software [42] with
default parameters to obtain the specific regions i.e. motifs from the
main dataset, which are highly specific to HLA-DRB1*04:01 binders but
absent in non-binder, a similar procedure was repeated for non-binders,
where we searched for non-binder specific motifs which are exclusively
present in the non-binders and absent in the binder sequences. In
Table 4, we have reported the motifs specific to binders and non-binders,
along with their coverage in the positive and negative datasets. Residue
T, V, F, P, Q, and T are dominant in binders, where residue D, Y, and K
cover most of the motifs.

3.7. Comparison with the available methods

It is of utmost importance to evaluate the newly developed method’s
effectiveness by making comparison with the existing methods, in order
to gain the insights into the pros and cons of a newly developed
approach. Since, HLADR4Pred?2 is an update of HLADR4Pred [32], a
comprehensive comparison is required to understand the advantages of
the newer version over older versions. Supplementary Table 1
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Fig. 6. AUROC score curve showing the performance for all model developed using various classifiers for, main, and alternate dataset on combined features on

training and validation dataset.

Table 3

Performance of hybrid model at different e-values for main, and alternate dataset on training and independent dataset.

E-value Dataset Main dataset Alternate dataset
Acc AUROC MCC Acc AUROC MCC
1.00E-06 Training 82.19 0.9 0.64 88.99 0.95 0.64
Independent 81.79 0.9 0.64 89.58 0.95 0.65
1.00E-05 Training 82.25 0.9 0.65 88.35 0.95 0.63
Independent 82.01 0.91 0.64 89.36 0.95 0.65
1.00E-04 Training 82.38 0.9 0.65 88.86 0.95 0.63
Independent 82.36 0.91 0.65 90.14 0.95 0.66
1.00E-03 Training 82.68 0.91 0.65 88.64 0.95 0.63
Independent 82.67 0.91 0.65 90.13 0.96 0.67
1.00E-02 Training 83.22 0.91 0.66 88.57 0.96 0.63
Independent 83.21 0.92 0.67 90.17 0.96 0.67
1.00E-01 Training 84.57 0.92 0.69 88.4 0.96 0.63
Independent 85.02 0.93 0.7 90.14 0.96 0.67
1.00E + 00 Training 84.77 0.92 0.70 88.4 0.98 0.63
Independent 85.31 0.93 0.71 90.14 0.99 0.67
1.00E + 01 Training 84.82 0.92 0.7 88.44 0.96 0.63
Independent 86.14 0.93 0.72 89.42 0.96 0.65
1.00E + 02 Training 84.26 0.92 0.69 89.59 0.96 0.66
Independent 85 0.93 0.7 89.83 0.96 0.66

*Acc: Accuracy; AUROC: Area under the receiver operating characteristic curve; MCC: Matthews Correlation Coefficient.

accumulates differences in the HLADR4Pred and HLADR4Pred2 at the
level of the dataset, implemented features, prediction approach, web-
server and standalone. Other than HLADR4Pred, there are number of
other methods with the ability to predict the binders for HLA class-II
alleles. Hence, it is crucial to benchmark the performance of the other
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existing methods with HLADR4Pred?2. For that purpose, we have taken
out the independent dataset and tested the performance of the existing
methods on the same. Propred [33] is able to predict the HLA-
DRB1*04:01 binding sites and able to achieve 55.26 % accuracy with
AUROC 0.74, whereas NetMHClIIpan 4.0 [35,36] achieved accuracy of
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Table 4
Exclusive motifs specific to HLA-DRB1*04:01 binder and non-binders.

HLA-DRB1*04:01 Binders HLA-DRB1*04:01 Non-binders

Motif # Coverage  Motif # Coverage
Sequences Sequences

A-F-V-K-D 158 158 Y-D-G-K- 1932 1932
D

F-T-P-E-T 138 296 R-K-W-E- 527 2459
A

T-P-E-T-N 92 388 S-D-H-E 249 2708

D-Q-T-V-I 90 478

F-V-K-D-Q 225 703

I-F-T-P-E 180 883

K-D-Q-T-V- 90 973

I
S-I-F-T-P 270 1198
V-K-D-Q-T 180 1378

65.82 % with AUROC 0.72, followed by TEPITOPE [44] with accuracy of
67.75 % with balanced sensitivity and specificity, SMM-align [45] pre-
dicts the MHC class-II binding affinity using stabilization matrix-
alignment method and achieved accuracy of 67.95 %. Artificial neural
network-based method i.e. NNAlign [34], attained the accuracy of
68.64 %, followed by consensus IEDB method with uses the consensus of
SMM-Align, NNAlign, and Sturniolo method to calculate the adjusted
rank, on which the predictions are made, and it attained the accuracy of
69.41 % on the independent dataset. MixMHCpred [46-48] achieves an
accuracy of 75.84 % with AUROC 0.83, while TLimmuno2 [49] reached
an accuracy of 80.63 % with AUROC 0.85. Finally, the older version of
HLADR4Pred2 achieved an accuracy of 75.04 % with AUROC 0.69, but
the difference between sensitivity and specificity is significant. Our new
approach has outperformed all the existing methods with an AUROC of
0.93 and an accuracy of 85.31 %. To evaluate the significance of the
difference in MCC between HLADR4Pred2.0 and other methods, we
applied a Z-test for comparing correlation coefficients. This approach
involves transforming the MCC values into Fisher’s Z-scores and then
calculating the statistical significance of the differences using a two-
tailed Z-test. The Z-test results, as shown in Table 5, indicate that the
MCC values of HLADR4Pred2.0 are significantly higher than those of all
other methods, with p-values well below the 0.05 significance threshold.
These results demonstrate that HLADR4Pred2.0 significantly out-
performs the other methods in terms of MCC, providing a higher degree
of correlation between predicted and actual outcomes. The improve-
ment in MCC highlights the robustness of HLADR4Pred2.0 in accurately
classifying binders and non-binders for HLA-DRB1*04:01. These results
in Table 5 showed that HLADR4Pred? is a reliable method which has
outperformed the other methods on the independent dataset of the main
dataset which was not used while training or testing the model.

3.8. Case Study: HLA-DRB1*04:01-binders in COVID-19 variants

Recent studies reported that HLA-DRB1*04:01 binding sites are
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associated with the severity of COVID-19 patients [50-52]. The muta-
tions associated with spike protein in COVID-19 variants can alter the
binding of peptides [53,54]. In order to understand the effect of muta-
tions in different variants of COVID-19 with the HLA-binding peptides,
we utilized the “SCAN” module of our HLA-DR4Pred 2.0 server (https
://webs.iiitd.edu.in/raghava/hladr4pred2/scan.php). First, we created
mutated proteins of COVID-19 variants using the reference spike protein
sequence. As reported in the Centres for Disease Control and Prevention
(CDC portal) (https://www.cdc.gov/hai/data/portal/), the alpha
variant possess seven mutation named N501Y, A570D, D613G, P681H,
T7161, D981A and D1118H, whereas beta variant incorporated D80A,
D215G, K417N, E484K, N501Y, D614G, A701V, L18F and R246I mu-
tations. Similarly, spike protein of delta variant incorporates T19R,
T951, G142D, R158G, L452R, T478K, D614G, L681R and D950N mu-
tations. Recently, reported COVID-19 variant Omicron possess highest
number of mutations i.e., 30 mutations in spike protein A67V, del
69-70, T95I, G142D, del 143-145, del 211, L2121, ins214EPE, G339D,
S371L, S373P, S375F, K417N, N440K, G446S, S477N, T478K, E484A,
Q493K, G496S, Q498R, N501Y, Y505H, T547K, D614G, H655Y, N679K,
P681H, N764K, D796Y, N856K, Q954H, N969K, and L981F. Currently,
we created the mutated proteins of different variants of COVID-19 and
predict the binding peptides and the effect of mutation on bindings in
different COVID variants. We observed that in alpha variant (D981A and
D613G), beta variant (D80A), gamma variant (D137Y), delta variant
(G142D, L681R), and omicron associated mutations alter the nature of
HLA-binding peptides to non-binders or vice versa, as shown in Table 6.

3.9. Webserver Implementation

We created the user-friendly webserver “HLADR4Pred 2.0 to assist
the scientific community which is available at URL https://webs.iiitd.
edu.in/raghava/hladr4pred2. There are six major modules in the
server such as, “PREDICT”, “SCAN”, “DESIGN”, “BLAST”, “MOTIF-
SCAN”, and “STANDALONE”. The description of each module in pro-
vided below. The module “PREDICT” allows users to predict the po-
tential of an uncharacterized peptide to be a HLA-DRB1*04:01 binder.
The module “SCAN” allows user to provide sequences with length more
than 22, which is a constraint in the predict module. In this module,
users are asked to choose a desired window size on which the over-
lapping patterns are generated from the input sequence(s) and used
them to make predictions. The module “DESIGN” permits users to
generate all the possible mutants of an input sequence by mutating each
residue at a time and use the same to predict if the mutated pattern is a
binder or not. In the “BLAST” module, user can make the predictions if a
submitted sequence(s) is a binder or non-binder by performing simi-
larity search using BLAST. In the module “MOTIF-SCAN,” HLA-
DRB1*04:01 binding motifs are searched in the input sequences and
the predicted as binder if the motifs is found else designated as non-
binder. In the “Standalone” module, we provided both Python- and
Perl-based versions of HLADR4Pred2, along with links to the GitHub
repository and the Python package index, which is available on PyPI and

Table 5

Comparison of HLADR4Pred2.0 approach with the existing methods on independent dataset of the main dataset.
Methods Year Sens Spec Acc AUROC F1 Kappa MCC p-value
Propred 2001 78.378 44.156 55.263 0.735 0.532 0.181 0.219 9.13E-98
Hladr4pred 2004 54.098 79.447 75.036 0.690 0.430 0.279 0.289 2.20E-77
TEPITOPE 2005 68.278 67.336 67.747 NA 0.297 —0.347 0.353 3.34E-60
SMM-Align 2007 68.535 67.495 67.948 NA 0.292 —0.357 0.358 6.40E-59
NNAlign 2017 68.946 68.410 68.643 NA 0.288 —0.367 0.371 1.25E-55
Consensus IEDB - 69.409 69.404 69.406 NA 0.283 —0.380 0.385 3.75E-52
MixMHCpred 2023 76.000 75.673 75.838 0.829 0.760 0.517 0.517 2.66E-23
TLimmuno2 2023 80.770 80.490 80.630 0.847 0.807 0.613 0.613 4.23E-08
HLADR4Pred2.0 - 88.320 82.300 85.310 0.930 0.860 0.710 0.710 -

*Sens: Sensitivity; Spec: Specificity; Acc: Accuracy; AUROC: Area under the receiver operating characteristic curve; F1:

ficient; Kappa: Cohen’s Kappa.
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F1 score; MCC: Matthews Correlation Coef-
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Table 6

Alterations in the binding peptides of HLA-DRB1*04:01 by mutations in Spike protein of SARS-CoV-2 variants.
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COVID-19 variants Mutation Reference peptide Mutated Peptide Prediction (Binder/Non-Binder)
Reference Mutated
Alpha D981A SGTNGTKRFDNPVLP SGTNGTKRFANPVLP Binder Non-Binder
GTNGTKRFDNPVLPF GTNGTKRFANPVLPF Binder Non-Binder
TNGTKRFDNPVLPFN TNGTKRFANPVLPFN Binder Non-Binder
RFDNPVLPFNDGVYF RFANPVLPFNDGVYF Non-Binder Binder
FDNPVLPFNDGVYFA FANPVLPFNDGVYFA Non-Binder Binder
D614G RDLPQGFSALEPLVD RGLPQGFSALEPLVD Non-Binder Binder
Beta D80A SGTNGTKRFDNPVLP SGTNGTKRFANPVLP Binder Non-Binder
GTNGTKRFDNPVLPF GTNGTKRFANPVLPF Binder Non-Binder
TNGTKRFDNPVLPFN TNGTKRFANPVLPFN Binder Non-Binder
RFDNPVLPFNDGVYF RFANPVLPFNDGVYF Non-Binder Binder
FDNPVLPFNDGVYFA FANPVLPFNDGVYFA Non-Binder Binder
Gamma D137Y VIKVCEFQFCNDPFL VIKVCEFQFCNYPFL Binder Non-Binder
IKVCEFQFCNDPFLG IKVCEFQFCNYPFLG Binder Non-Binder
CNDPFLGVYYHKNNK CNYPFLGVYYHKNNK Binder Non-Binder
NDPFLGVYYHKNNKS NYPFLGVYYHKNNKS Binder Non-Binder
Delta G142D NDPFLGVYYHKNNKS NDPFLDVYYHKNNKS Non-Binder Binder
L681R YLYRLFRKSNLKPFE YRYRLFRKSNLKPFE Non-Binder Binder
Omicron Del 68-69, 141, 142, 144, 210 GTNGTKRFDNPVLPF NGTKRFDNPVLPFND Binder Non-Binder
TNGTKRFDNPVLPFN GTKRFDNPVLPFNDG Binder Non-Binder
GTKRFDNPVLPFNDG KRFDNPVLPFNDGVY Non-Binder Binder
KRFDNPVLPFNDGVY FDNPVLPFNDGVYFA Binder Non-Binder
RFDNPVLPFNDGVYF DNPVLPFNDGVYFAS Non-Binder Binder
FDNPVLPFNDGVYFA NPVLPFNDGVYFAST Non-Binder Binder

can be accessed through the pip package manager.
4. Discussion

The MHC Class-1I allele ‘HLA-DRB1%04:01’ is a key regulator of im-
mune responses and has been linked to various autoimmune disorders
and the severity of COVID-19 [50,51,55]. A study by Kamiza et al., re-
ported that among the 44 alleles of HLA-DRB1 gene; HLA-DRB1%04:01
allele significantly reduced the survival of cervical cancer patients
[55]. Interestingly, in the recent vaccine strategies, peptide-based vac-
cines such as “immunosense” vaccine, emerged as an important tool for
activating the immune response. The HLA restricted peptides can be
utilized to activate the T-cell responses, offering a promising targeted
therapeutic approach for treating both infectious disease and cancer.
These HLA-restricted peptides are allele-specific; based on the structure
of HLA molecule and peptide-binding groove. Therefore, the peptide’s
binding affinity may differ for each HLA allele type.

As a results, over the past three decades, numerous methods have
been developed for predicting binders of MHC Class-I and Class-II al-
leles. Despite the tremendous efforts made over the years, the accuracy
of these methods remains far from perfect. Hence, there is a pressing
need to develop highly accurate methods for predicting MHC binders,
particularly for important and clinically relevant alleles. Therefore,
there is a crucial need to develop a method, that can predict HLA-
DRB1*04:01 binders with high precision. In 2004, we introduced the
HLADRA4Pred method for predicting HLA-DRB1*04:01 binders, which
has since been widely utilized and referenced by the scientific commu-
nity. In this study, we have undertaken a systematic effort to develop an
updated and highly accurate method for predicting HLA-DRB1*04:01
binders. We have extracted experimentally validated 12,676 positive
peptides (i.e. HLA-DRB1*04:01 binding peptides and 86,300 negative
peptides (non-binding peptides) from IEDB. The positional analysis re-
veals that in HLA-DRB1*04:01 binding peptides specific amino acids are
preferred for instance; hydrophobic residues (L/F/Y/1/V) at 4th, 5th,
and 6th; while polar and uncharged amino acids ‘S/T/A’ preferred at 9th
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and 10th position. This indicates composition and binary profile based
features are extremely important for accurate predictions. Here, we have
developed various machine learning models using eight different clas-
sifiers such as SVC, DT, RF, XGB, KNN, LR, ET, GNB and SVC. Our results
shows ExtraTree based classifier based models outperformed the other
classifiers. Specifically, dipeptide composition- based models achieved
the highest AUROC of 0.90 on the main dataset, and AUROC of 0.96 on
the alternate dataset with an accuracy of more than 82 % on training and
independent datasets (Supplementary Table 3). Then after, we aggre-
gate alignment-free (ML-based) and alignment-based (BLAST search)
algorithm and attained maximum AUROC 0.93 on the independent
dataset of the main dataset. To compare the performance of our model
with the existing methods, we have considered different methods, as
shown in Table 5, and found out that HLADR4Pred2 has outperformed
all the other methods with AUROC of 0.93.

5. Conclusion

HLADRA4Pred2 is an improved version of HLADR4Pred, which was
trained on a small dataset containing only 576 binders and an equal
number of non-binders. Apart from HLADR4Pred, there are a number of
other methods with the ability to predict the binders for HLA class-II
alleles. Therefore, it is important to benchmark the performance of the
other existing methods in comparison to HLADR4Pred?2. To achieve this,
we have isolated the independent dataset and evaluate the performance
of the existing methods on the same. We also reported the motifs specific
to HLA-DRB1*04:01 binders and non-binders. The average residue
composition shows that serine residue is abundant in HLA-DRB1*04:01
binding peptides in comparison to the non-binding peptides. Addition-
ally, we have developed a web server and standalone package using the
best features and classifiers. HLADR4Pred2 incorporates five modules
such as PREDICT, SCAN, DESIGN, BLAST, and MOTIF-SCAN.
HLADRA4Pred2 tool predicts the binding or non-binding peptides for
MHC Class-II allele HLA-DRB1*04:01. Our webserver is freely accessible
at https://webs.iiitd.edu.in/raghava/hladr4pred2/ and standalone
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packages is available at https://webs.iiitd.edu.in/raghava/hladr4pred
2/standalone.php.

6. Limitation of the study

While HLADR4Pred2 offers substantial improvements in predicting
HLA-DRB1*04:01 binders, there are a few limitations that present op-
portunities for future refinement. One limitation is the model’s current
focus on the HLA-DRB1*04:01 allele, which restricts its broader appli-
cability to other HLA alleles. Expanding the model to incorporate
additional alleles would enhance its utility across a wider range of
immunological studies. Furthermore, although the dataset used for
training is robust and carefully curated, it may not fully reflect the di-
versity found in global populations or rare peptide sequences. This could
impact the model’s generalization to less-studied or novel peptides,
particularly in specific clinical or geographic contexts.

Additionally, while HLADR4Pred2 excels in predicting linear pep-
tides, it does not account for conformational epitopes that play a sig-
nificant role in many immune responses. Incorporating structural
information into future versions could further improve the model’s
predictive power. However, it is important to note that HLADR4Pred2
provides both a web server and standalone options, offering flexibility to
a broad range of users. While the model efficiently handles large data-
sets, future updates could optimize it for extreme cases involving very
large or complex peptide datasets. Despite these limitations,
HLADRA4Pred2 delivers strong predictive accuracy, and further valida-
tion on diverse datasets would help solidify its position as a versatile and
reliable tool in the field of HLA-peptide binding prediction. These
additional validations will ensure the model’s robustness and applica-
bility across a broader range of biological contexts.
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