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Identification of the core regulators 
of the HLA I-peptide binding 
process
Yu-Hang Zhang1,*, Zhihao Xing1,*, Chenglin Liu2, ShaoPeng Wang3, Tao Huang1, Yu-Dong Cai3 
& Xiangyin Kong1

During the display of peptide/human leukocyte antigen (HLA) -I complex for further immune 
recognition, the cleaved and transported antigenic peptides have to bind to HLA-I protein and the 
binding affinity between peptide epitopes and HLA proteins directly influences the immune recognition 
ability in human beings. Key factors affecting the binding affinity during the generation, selection 
and presentation processes of HLA-I complex have not yet been fully discovered. In this study, a new 
method describing the HLA class I-peptide interactions was proposed. Three hundred and forty features 
of HLA I proteins and peptide sequences were utilized for analysis by four candidate algorithms, 
screening the optimal classifier. Features derived from the optimal classifier were further selected 
and systematically analyzed, revealing the core regulators. The results validated the hypothesis that 
features of HLA I proteins and related peptides simultaneously affect the binding process, though with 
discrepant redundancy. Besides, the high relative ratio (16/20) of the amino acid composition features 
suggests the unique role of sequence signatures for the binding processes. Integrating biological, 
evolutionary and chemical features of both HLA I molecules and peptides, this study may provide a new 
perspective of the underlying mechanisms of HLA I-mediated immune reactions.

Human leukocyte antigen (HLA), which refers in particular to the major histocompatibility complex (MHC) 
in humans, is a group of cell surface proteins that is essential for the recognition of self-cells and non-self-cells 
and activation of the acquired immune system to eliminate the non-self-components1,2. By restricting cytotoxic 
immune responses, HLA molecules induce immune recognition of cytosol antigens by presenting endogenous 
or exogenous antigens3 during specific interactions between leukocytes (which are immune cells) and other leu-
kocytes or somatic cells, which further determine the specificity, function and responsiveness of effector T cells. 
Based on the genetic traits, the HLA family can be divided into three main subgroups (HLA I, HLA II and HLA 
III), two of which contribute to the immune recognition: the HLA I molecules, which occur on all nucleated cells, 
and the HLA II molecules, which are mainly presented on antigen-presenting cells (APCs), contributing to the 
presentation of immune epitopes to cytotoxic T cells (CD8+ T cells)4,5.

Cytotoxic T cells which are activated by interacting with HLA I-peptide complex trigger programmed cell 
death and also mediate cellular immunity against intracellular pathogens and pathological cells. Therefore, com-
paring to HLA II molecules, the HLA I molecules which directly present the endogenous antigens may be a 
group of functional immune regulatory molecules in cellular immunity6. During optimal generation (cleavage 
of antigens), selection (interactions between cleaved peptides and HLA I proteins regulated by chaperone tapa-
sin) and presentation (transport HLA-I complex from endoplasmic reticulum to membrane surface) processes, 
the cleaved and transported antigenic peptides have to persistently and stably bind to HLA-I protein for further 
immune recognition6–8. The binding affinity between peptide epitopes and HLA I molecules may be the priority 
among priorities for endogenous cytosol antigen recognition. Apart from the functional significance, the sequen-
tial characteristics also make it convenient and suitable for computational analysis: after complicated cleavage (by 
proteasome) and transport (by transporter associated with antigen processing) processes, the peptides that bind 
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to HLA I molecules have a restricted length (8–10 amino acid), improving the efficacy and accuracy for further 
analyses and binding predictions9. Therefore, in this study, we chose to examine the binding processes between 
peptides and HLA I molecules, but not HLA II molecules, for further analyses and predictions.

HLA I molecules elicit immune responses to endogenous antigens by binding to cleaved and transported 
peptides, and the binding affinity is one of the essential regulatory factors for effective immune recognition, as 
we have analyzed above10. HLA I molecules with higher affinity to peptides can easily recognize the endogenous 
antigens and further activate antigen-specific cellular immunity11,12. Various endogenous and exogenous factors 
have been reported to contribute to the specific binding of peptides to the HLA I molecules13, such as the HLA I 
genotypes and peptide sequence features. HLA I genotypes, which further affect the isotypes of HLA I molecules, 
have been reported to be related to the different recognition activities for specific antigens among various pop-
ulations14,15. For example, enteric infection has been reported to exist extensively among various populations16. 
However, it has also been confirmed that different HLA I genotypes may mediate different immune reactions 
against the same pathogens responsible for specific enteric infections, such as S. e. typhimurium14. In addition to 
the HLA I genotypes, it has been confirmed that different peptide sequences have different binding affinities to 
the HLA I molecules and even to the same HLA I molecule17. Non-synonymous mutation is a typical way to alter 
the given amino acid sequence of a specific protein/antigen and may also change the immunogenicity of a given 
antigen, affecting the associated immune reactions17. In ovarian cancer, various antigenic peptides containing 
tumor specific non-synonymous mutations (e.g. HSDL1 L25V) have been confirmed to be recognized by binding 
to HLA I molecules with high affinity in ovarian cancer cells, whereas the wild-type amino acid sequences appear 
to have relatively low binding affinity for the HLA I molecules18. Therefore, the features of both the HLA I mole-
cules and the peptides may simultaneously contribute to the specific antigen presentation processes and further 
affect the HLA I-induced immune reactions.

Although various influential factors have been revealed to contribute to the specific peptide generation, bind-
ing selection and presentation processes of HLA-I/peptide complexes and related immune reactions against 
endogenous antigens, the principle factors determining the peptide binding specificity to different HLA I mole-
cules during various biological stages have not been fully discovered. In this paper, we proposed a new compu-
tational method to discover the core regulators for HLA-I/peptide binding affinity during the integrated peptide 
generation, binding selection and presentation processes based on the Immune Epitope Database (IEDB)19. 
This data set has been validated to integrate various immune-associated databases, including more than 95% 
of the manually curated, relevant published literature, aggregating more than 15,000 journal articles and more 
than 704,000 experiments. This database is the most comprehensive HLA binding-associated database to date, 
although it may still be limited and require real time updates. Our method, for the first time, extracted all exper-
imentally verified HLA I-associated peptides and related HLA I isotypes from the IEDB database, and separated 
the data as high-affinity/low-affinity interactions using an IC50 binding threshold of 50 nM20. The selection of 
such threshold mainly relied on recent publications and related database: (1) According guidelines for selecting 
thresholds of IEDB database, peptides with IC50 values < 50 nM are considered high affinity, indicating 50 nM 
as a proper threshold20; (2) Pre-existing computational algorithms like NetMHC, ANN and NetMHCpan, that 
contribute to HLA binding predictions and analysis all select 50 nM as an appropriate cut-off to identify high 
binding peptides21,22; (3) Various experimental trials on HLA binding processes involving multiple study areas 
including tumor immunotherapy, autoimmune diseases, etc. also select 50 nM as a specific marginal value for 
high affinity interactions17,18. Further, after the separation, each interaction was encoded by 340 different features 
related to both the amino acid composition (AAC) and the pseudo-amino acid composition (Pse-AAC) charac-
teristics of HLA I molecules and the bound peptides. The maximal-relevance-minimal-redundancy (mRMR) and 
incremental feature selection (IFS) methods were then performed, based on the protein features, and a set of core 
factors that may affect the affinity of a biogenic or artificial peptide to certain HLA I molecules were discovered. 
A comprehensive analysis of the results revealed the underlying mechanisms following which the peptides bound 
to HLA I molecules. This study may provide a new perspective for developing studies of HLA I-mediated immune 
reactions.

Materials and Methods
HLA I-peptide class I binding data collection. The HLA I-peptide binding data were downloaded from 
the IEDB Analysis Resource19, (http://tools.iedb.org/static/main/binding_data_2013.zip). The database contains 
the largest MHC I-peptide binding dataset to date and is based on manually curated literature references. Amino 
acid sequences of the HLA I alleles were extracted from the IPD-IMGT/HLA Database23 (release 3.24.0, ftp://ftp.
ebi.ac.uk/pub/databases/ipd/imgt/hla/). The peptide sequences were annotated using BLAST+  (version 2.3.0) by 
comparing them against the Ensembl GRCh37 protein sequences (http://ftp.ensembl.org/pub/release75/fasta/
homo_sapiens/pep/Homo_sapiens.GRCh37.75.pep.all.fa), and only the perfect matches that had 100% similarity 
with the current protein records were retained.

The dataset used for the analysis was finally constructed and included 344 proteins and 88 HLA I alleles, 
with an average of 38 affinity measurements and a total of 3,361 measurements. The data were divided 
into two groups according to the IC50 values, namely, the high-affinity (IC50<  =  50 nM) and low-affinity 
(IC50 >  50 nM) groups. The description of each HLA I-peptide interaction pair and its binding affinity are listed 
in Supplementary Material S1.

Feature composition. Every HLA I-peptide interaction pair was encoded based on both the HLA I protein 
features and peptide sequence features. Two types of protein features were adopted in this study: the amino acid 
composition (AAC) and pseudo-amino acid composition (Pse-AAC) features. Their brief descriptions are as 
follows.

http://tools.iedb.org/static/main/binding_data_2013.zip
ftp://ftp.ebi.ac.uk/pub/databases/ipd/imgt/hla/
ftp://ftp.ebi.ac.uk/pub/databases/ipd/imgt/hla/
http://ftp.ensembl.org/pub/release75/fasta/homo_sapiens/pep/Homo_sapiens.GRCh37.75.pep.all.fa
http://ftp.ensembl.org/pub/release75/fasta/homo_sapiens/pep/Homo_sapiens.GRCh37.75.pep.all.fa
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Amino acid composition (AAC). AAC encodes a protein using a 20-dimentional vector, with each element 
representing the occurrence frequency of one of the 20 standard amino acids in the sequence. AAC is a widely 
used type of feature that is closely related to various protein attributes, including protein structures and functional 
properties. In this paper, each binding pair was encoded by the AAC features of both the HLA I protein and the 
peptide sequences.

Pseudo-amino acid composition (Pse-AAC). In addition to the AAC features used to obtain the occur-
rence frequency information, Pse-AAC features were also adopted, which represent the neighboring and order-
ing effects of HLA I and the peptide sequences. The concept of Pse-AAC was first introduced by Chou et al. to 
improve protein type prediction. Sequence order effects were described as a set of rank-different correlation fac-
tors based on physicochemical distance24–28, and the number of factors was set as λ. A weight w for the sequence 
order effect was included to balance its impact and the impact of the occurrence frequencies.

In this study, five types of physicochemical and biochemical properties of amino acid residues were adopted, 
including (1) codon diversity (CD), (2) electrostatic charge (EC), (3) molecular volume (MV), (4) secondary 
structure (2nd_stru) and (5) polarity29,30. The parameters w and λ were set to 0.15 and 50 for proteins, respectively, 
and 0.15 and 10 for peptides, respectively. Eventually, the binding pair was encoded by 250 (5 ×  50) Pse-ACC 
features of the HLA I protein and an additional 50 (5 ×  10) features of the peptide sequence.

Finally, after combining both the AAC and Pse-AAC features, the HLA I-peptide interaction pair was encoded 
as a 270-dimensional (20 +  250) vector for the HLA I protein termed Vpro and an additional 70-dimentional 
(20 +  50) vector for each peptide termed Vpep. The 340-dimentional feature vector was constructed for each inter-
action pair and was represented as V, where V =  Vpro +  Vpep. The feature compositions for the proteins and pep-
tides were listed in Table 1.

Feature selection. The extracted features for the HLA I-peptide interaction pair were ranked in descending 
order using the maximal-relevance-minimal-redundancy (mRMR) method. The optimal feature subset that pri-
marily affected the binding affinities were selected using the incremental feature selection (IFS) method.

As a mutual-information based method, the goal of mRMR method is to rank the features such that the top 
features have maximal relevancy to the target class and minimal redundancy to the previously selected features. 
For two features x and y, their proximity in feature space can be measured by their mutual information which is 
formulated as follows:

=∬I x y p x y p x y
p x p y

dxdy( , ) ( , )log ( , )
( ) ( ) (1)

where p(x, y) denotes joint probabilistic density of x and y, p(x) and p(y) denote the marginal probabilistic density 
of two variables x and y, respectively

In the procedure of feature ranking, the relevancy of a given feature to the target class is determined as the 
mutual information between the feature and target class, and the redundancy of the same feature is defined as the 
average mutual information with features selected before it. When mRMR method was executed on each feature 
in feature vector, two feature lists were obtained based on two criteria: the MaxRel feature list based on the maxi-
mal relevancy criterion and the mRMR feature list based on the combination of maximal relevancy and minimal 
redundancy criteria. Usually, top m features in MaxRel feature list can be selected from the feature vector and 
utilized to construct the classifier based on an algorithm. However, according to the researches on feature rank-
ing31–33, the classifier derived from the top m features in MaxRel feature list are not always leading to the optimal 
performance because the redundancies exist between them. Therefore, in the mRMR feature list, the redundancy 
between features is also considered to evaluate the importance of each feature. In this study, the ranking order of 
features in mRMR feature list was used to construct classifiers.

The obtained MaxRel and mRMR feature lists with 340 features in them have similar form, which can be for-
mulated in the following Eq. 2:

  = … =f f f NMaxRel/mRMR feature list [ , , , ] ( 340) (2)N1 2

It is clear that the order of single feature in feature list is not enough to construct classifiers and select an optimal 
classifier from them. Thus, an incremental greedy strategy called IFS was used to build a series of feature sets. In 
give feature set, top i features in mRMR feature list were selected and these features would consist of a feature set 
Si, which can be formulated as follows:

= … ≤ ≤S f f f i[ , , , ](1 340) (3A)i i1 2

Finally, 340 feature sets, denoted as S1, S2,… , S340, were constructed and each set has one more feature com-
pared to the former one. Based on these feature sets, a series of classifiers were built using one of the four algo-
rithms described in the following section. For these classifiers derived from different algorithms with different 

AAC CD EC MV 2nd_structure Polarity Total

Protein 20 50 50 50 50 50 270

Peptide 20 10 10 10 10 10 70

Table 1.  The composition of the protein and peptide features for each pair of HLA I-peptide interactions.
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number of features, the classifier obtained the best prediction performance would be selected as the optimal 
classifier and the corresponding features in the feature set are called optimal features. This process is called the 
IFS method and has been widely used in previous studies34,35.

Classification algorithms. Four machine learning algorithms were adopted to construct the model and 
determine the proper approach for classification. The optimal algorithm was determined based on the best classi-
fication performances. The four algorithms, Dagging36, nearest neighbor algorithm (NNA), random forest (RF)37, 
and support vector machine (SVM)38, are described below.

Dagging. This algorithm is applied to construct several meta classifiers derived from a single dataset, in which 
the predicted result for given sample is decided by majority voting. For a training dataset with N samples, m sub-
sets (m should be an odd number) would be extracted, with each having n randomly selected samples using the 
sampling without replacement technique, where mn ≤  N. Therefore, m basic classifiers (C1, C2,… , Cm) would be 
trained on the m subsets of the original training dataset. As introduced here, the classification result on a query 
sample is voted on using all of the basic classifiers’ results.

NNA. This algorithm computes and obtains classification results for given query samples via a distance cal-
culation of the samples’ feature spaces. Because there is no training process, the NNA algorithm has a relatively 
faster computation efficiency than the algorithms that execute the training step. For a query sample in same 
feature space that was defined by the training samples, the smallest distance is measured using distance matrices, 
such as Euclidean distance and Hamming distance, between the query sample and a given training sample. Then, 
the class of the nearest training sample is directly assigned to the query sample. The process is repeated until all 
the query samples obtain the predicted results.

RF. As an ensemble learning algorithm, hundreds of decision trees can be constructed from a single train-
ing dataset. All the classification trees that comprise the so-called decision forest are used to generate predicted 
results for a given query sample, in which the final result is dependent on the results with the most votes. Two 
innovative techniques, namely bootstrap aggregating that selects samples from the original training dataset by 
replacement and random selection of sub-features, are used to construct decision trees, largely increasing the 
predictive accuracy of the classifiers obtained from the algorithm.

SVM. Since it was first proposed in 1995, the SVM algorithm has been widely utilized to solve the problem 
of classification, regression and pattern recognition in many fields, which is particularly applicable to the statis-
tical analyses of small scale samples. By mapping the samples into higher-dimensional feature space, an optimal 
splitting hyper-plane would be obtained to decide the class of the query sample by relying on the side of the 
hyper-plane to which it belongs. In this study, the sequential minimal optimization (SMO) technique was used 
as a way to construct the SVM classification model; the implementation details of which can be found in Platt’s 
study39.

As a widely used suit of software, the Weka software40 that collects several state-of-art machine learning algo-
rithms was utilized in this study. All of the four algorithms were applied using with the classifiers named Dagging, 
IB1, Dagging and RandomRorest, and SMO in Weka. At the same time, the default parameters of corresponding 
classifiers were adopted to build classifiers based on feature sets introduced above.

Performance evaluation. Four widely applied measurements were utilized for the performance evaluation, 
including sensitivity (SN), specificity (SP), accuracy (ACC) and Matthew’s correlation coefficient (MCC). The 
definitions of the four measurements are illustrated in Eqs 3–6:

=
+

SN TP
TP FN (3B)

=
+

SP TN
TN FP (4)

=
+

+ + +
ACC TP TN

TP TN FP FN (5)

=
× − ×

+ + + +
MCC TP TN FP FN

TP FP TP FN TN FP TN FN( )( )( )( ) (6)

where TP, TN, FP and FN are the two-letter abbreviations for true positive, true negative, false positive and false 
negative, respectively.

Ten-fold cross validations were performed on the dataset. Because MCC is considered as the most compre-
hensive measurement to represent the performances of the classifiers constructed using an imbalanced dataset, 
it was selected to evaluate the classifiers’ predictive abilities and to select the optimal classifier based on a specific 
algorithm.
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Results
The ten-fold cross-validation41 is used for the evaluation process, and four types of evaluation measurements 
are calculated according as we have mentioned above to evaluate the objective classification ability of the given 
classifier. The 340-dimensional features are ranked according to the two criteria: the features that are evaluated 
by maximal relevance are listed in the MaxRel feature list, and the features that are ordered by the maximal rele-
vance and minimal redundancy are listed in the mRMR feature list. The contents of the two lists are provided in 
Supplementary Material S2.

Additionally, the IFS method is performed on the features of the mRMR feature list, and 340 IFS feature sets 
are obtained by individually adding the ranked features. Each feature set is used to construct one classifier, and the 
ten-fold cross-validation is performed to compare the classification performances. The IFS-curves for the classi-
fiers based on the four algorithms are illustrated in Fig. 1. The X-axis of the IFS-curve represents the number of 
features in the IFS feature sets, whereas the Y-axis shows the MCC values of the corresponding classifiers. The best 
algorithm and optimal feature sets that can achieve the best MCC for the classification are determined. As shown 
in Fig. 1B, the best classifier is marked with a red point on its IFS curve which is derived from the NNA algorithm 
with the top 153 features. This classifier achieves a better performance, with MCC =  0.414, compared to all other 
algorithms (Dagging: 0.123, RF: 0.410, and SVM: 0.097). Therefore, in this study, the NNA algorithm is deemed 
to be the representative algorithm for predicting the binding affinity between HLA I molecules and peptides. In 
addition to the MCC values, three other evaluation measurements based on each optimal classifier of the four 
algorithms are listed in Table 2. Detailed evaluation results based on all IFS features sets, and the four algorithms 
are provided in Supplementary Material S3.

Figure 1. The IFS-curves for the (A) Dagging, (B) NNA, (C) RF and (D) SVM algorithms, with the best 
performance marked with red point. The X-axis indicates the number of features used to construct the 
classifiers, and the Y-axis indicates their corresponding MCC values.

Algorithm
Optimal 
features SN SP ACC MCC

Dagging 334 0.040 0.995 0.875 0.123

NNA 153 0.461 0.936 0.876 0.414

RF 56 0.376 0.961 0.888 0.410

SVM 137 0.007 1.000 0.875 0.079

Table 2.  The best classification performances based on the optimal classifiers derived from the four 
algorithms.



www.nature.com/scientificreports/

6SCIentIfIC RepoRts | 7:42768 | DOI: 10.1038/srep42768

Furthermore, the 153 IFS feature sets are divided according to the feature types, as illustrated in Fig. 2. As 
shown in Fig. 2A, all 70 peptide features are listed in the top 153 features, with all relative ratios equal to 1. 
Regarding the selected protein features, 8 features belong to AAC, and 14, 12, 15, 18 and 16 features belong to 
CD, EC, MV, 2nd_stru, and polarity, respectively. The relative ratios are shown in Fig. 2B. Similar approaches are 
performed on the MaxRel feature list, and the top 93 features are selected for further study. It was worth noting 
that all these top 93 features are protein features, and the relative ratio for each feature type is illustrated in Fig. 3. 
For the first time, we revealed the potential role of the evolutionary (codon diversity) and chemical (electro-
static charge) characteristics for the interactions between HLA I molecules and the interacting peptides. Further 
detailed biological analyses of the top 153 and 93 features derived from the two feature lists are discussed below.

Discussion
Based on the presented computational methods, for the first time, we thoroughly analyzed six aspects of the bio-
logical, evolutionary and chemical features of both the MHC alleles and related peptides, not only the sequence 
features, as was performed in previous reports22,42. A group of features obtained from the comprehensive analysis 
is screened out, which may directly affect the binding affinity of the HLA I molecules for the related peptides 
during multiple biological stages including generation, selection and presentation.

The prediction results validate the hypothesis that the features of the HLA I molecules and related peptides 
simultaneously affect the binding processes. In detail, first, all of the top 93 features of the MaxRel feature list (sort 
each feature according to its contributions to classification) were associated with the HLA I proteins, implying 
that the HLA isotype is an important factor that affects HLA-peptide binding processes43. Furthermore, after the 
feature redundancy is removed during the ranking process (based on the mRMR computational method), the 
peptide features dominate the core regulatory factors, with 27/34 features in the top 10 percent of features. Amino 
acid characteristics (16/34) seem to be the most significant features for the interactions between HLA I molecules 
and the related peptides, with a quite high relative ratio of 80% (16/20). This result implies that the characteristics 

Figure 2. The distributions of the relative ratios for the top 153 features derived from the mRMR feature list for 
(A) the peptide features and (B) the HLA I protein features.

Figure 3. The distribution of the relative ratios for the top 93 features derived from the MaxRel feature list 
for the HLA I protein features. 
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of the peptide, particularly the amino acid composition features of the peptides, may contribute more to the bio-
logical HLA binding processes43.

In summary, features that describe the HLA I antigen binding cleft substantially contributed to the inter-
actions between HLA I molecules and the related peptides, although with considerable redundancy. Although 
a single peptide characteristic exhibits a relatively low correlation with the binding affinity, based on MaxRel 
feature list, the peptide features include less redundancy and have more features located in the top 10 percent of 
the mRMR feature list (removing the redundancy). Comprehensively, the amino acid composition features of the 
peptides are the principle factors that contribute to these biological processes. This conclusion is supported and 
validated by various recent publications, implying the accuracy and efficacy of our analysis.

HLA protein features. Based on the MaxRel features (without removal of redundancy), HLA proteins seem 
to be more directly related to the HLA binding affinity (these proteins contribute more to the distinction of pep-
tides with high and low binding affinity), although with more redundancy, which is supported by recent publica-
tions. The top 153 features are extracted from the prediction results (after redundancy removal), among which 83 
features contribute to the HLA I isotypes, to identify the key regulatory factors of HLA I molecules that contribute 
to the HLA I-peptide binding affinity. Among these 83 features, 40% (relative ratio) of all HLA I allele amino acid 
composition (AAC) features, which mainly describe the otherness of different HLA I alleles, are present in the 
top 153 features, implying the significant role of HLA I isotypes for the interactions between HLA I molecules 
and related peptides.

Amino Acid Composition (AAC) features of HLA proteins. Based on recent publications, it has been 
confirmed that specific HLA isotypes with characteristic (sequence feature of) antigen binding clefts may con-
tribute to the differences in immune reaction against similar antigens (most autologous), inducing a different 
susceptibility to certain diseases14,44,45. Using a specific disease, ankylosing spondylitis (AS) as an example. It has 
been reported that a specific HLA I isotype, HLA-B27, varies remarkably between races and may contribute to the 
differences in susceptibility to various immune-associated diseases, including AS, in multiple races45,46. Despite 
the controversies about the pathogenic mechanisms, the arthritogenic peptide hypothesis, one of the acknowl-
edged pathological mechanisms, attributes the initiation of the disease to the cross-reaction of HLA-B27 and 
self-peptide pairs, and the differences in incidence may be induced by the differences in the HLA I-peptide bind-
ing affinities of different HLA I isotypes, suggesting that specific characteristics of HLA I alleles contribute to the 
HLA-I mediated immune recognition47. Considering that the binding affinity between antigenic peptides and 
HLA-I molecules turn out to be the principle regulatory factor for such immune recognition, it’s quite reasonable 
to demonstrate that the optimal features of HLA-I molecules may definitely affect binding processes between 
HLA-I molecules and related peptides.

In addition, previous studies screened out tumor specific antigens and further designed functional vaccines 
that can specifically recognize tumor cells to create so-called precise treatment during personalized immune ther-
apy for cancer48,49. It has been reported that both the tumor-specific antigen and the related reactive HLA alleles 
should be personalized to achieve the best therapeutic effects. For example, in a recent publication, the specific 
peptide RVFAJSFIK has been reported to bind to the HLA-A11 allele with high affinity, but bound other HLA I 
alleles (e.g., HLA-A1, HLA-A3 and HLA-B7) with low affinity, validating the hypothesis that the binding affinity 
of the HLA I allele and certain peptides are definitely related to the specific HLA I allele and its specific antigen 
binding cleft50.

Pseudo-amino acid composition (Pse-AAC) features of HLA proteins. In addition to the amino 
acid composition features, various pseudo-amino acid composition features have also been screened out to con-
tribute to the interactions between HLA I molecules and related peptides. The secondary structure features of 
HLA I molecules (ranked 21 and 29 in the top 10 percent of the optimal list) may also be significant for the spe-
cific HLA I allele-peptide binding processes. Considering the internal relationship between the HLA I amino acid 
composition features and certain secondary structures (the primary structures decide the secondary structures), 
the high correlations between the HLA I allele secondary structure and HLA I-peptide binding affinity may 
also be quite reasonable51,52. During the identification of certain foreign antigens, HLA I isotypes with different 
secondary structures have been validated to have different reactivity against similar antigen-derived peptides53.

Regarding polarity (ranked 11 in the top 10 percent of the optimal list), specific amino acid features may 
definitely affect the polarity of the HLA I alleles because the polarity of a certain protein may be associated with 
the functional R residue of a certain amino acid. The results imply that the key regulatory factor of HLAI alleles 
that contributes to interactions between the HLA I allele and its respective peptide may be the specific sequence 
characteristics, which appear to be different in HLA I isotypes, as validated by our analysis described above54.

High redundancy load in optimal HLA I allele features. Apart from such detailed features we screened 
out, comprehensively, based on our algorithm, we further identified that the high correlation between HLA I 
allele features and high HLA binding affinity has specifically high redundancy. There are two main reasons to 
explain this characteristic phenomenon. First, in our reference database (IEDB database), the same HLA I allele 
may correspond to multiple peptides, whereas a single peptide may rarely be tested using various HLA I alleles20. 
During the division of the high HLA I binding affinity group and low HLA I binding affinity group, we gen-
erally refer to the binding affinity of specific HLA I allele and peptide pairs. Therefore, specific HLA I alleles 
that have high affinity for one peptide and low affinity for another peptide may be clustered into both groups, 
inducing considerable redundancy for the HLA I-associated features. In addition, considering that the other-
ness between different HLA alleles is mainly attributed to specific groups of SNPs and the custom sequences of 
different HLA alleles have high similarities, most of the screened out features (particularly for the amino acid 
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associated features) are related to each other and may be regarded as redundant when the redundant features 
are removed because of the linkage inheritance of the HLA district and sequence similarity55. Although the two 
reasons mentioned above induce considerable redundancy in the HLA I allele-associated features, 7 features of 
the top 34 features that describe the HLA I allele-associated characteristics remain after the redundant features 
are removed, validating the irreplaceable role of HLA I isotypes in the interactions between the HLA I antigen 
binding cleft and related peptides.

Peptide features. Considering that the HLA I antigen binding processes are specific interactions between 
HLA I molecules and peptides, the optimal features of the peptide may also contribute to these biological pro-
cesses. Based on our algorithm, we considered 70 peptide-associated features. After screening and removing the 
redundant features, all 70 peptide-associated features are ranked in the top 153 features list. Based on the MaxRel 
criterion (sort each feature according to its contributions to the classification), each individual feature of the 
peptides contributes less to the interactions. However, 27 peptide features (20 features describing the amino acid 
composition) are included in the top 34 features after removing the redundant features, implying that the features 
of peptides, particularly the features describing the amino acid composition of peptides, may play a quite signif-
icant role in the interactions between HLA I molecules and the related peptides, with very little redundancy43.

Based on the classification method we mentioned above, we also classify the amino acid features into six 
sub-groups (AAC, CD, EC, MV, 2nd_structure, and polarity). In the top 10 percent of 340 optimal features (34 
features) screened using the mRMR methods, 16 features describe the amino acid composition features of the 
peptides, implying the specific role of sequence features in contributing to the interactions between HLA I mol-
ecules and the related peptides.

Amino Acid Composition (AAC) features of peptides. Among the six clusters, amino acid-associated 
features seem to be the most significant regulatory factor that contributes to peptide binding affinity during 
multiple interaction stages, as we have analyzed above. As we all know, HLA I molecules have a given antigen 
specificity56. Therefore, it is quite reasonable that the amino acid composition features of the peptide are the 
most significant features for the HLA I-peptide binding processes. For example, it has been reported that dur-
ing mother-to-child transmission of HCV, 60–80% of infections persist after birth and escape T cell recognition 
through unique escape mutations on specific HCV antigens57. Considering that specific mutations of the HCV 
antigen have greatly altered the HLA binding affinity and further affect the immune reaction mediated by the HLA 
I molecule, the specific amino acid sequence described by the amino acid composition features definitely contrib-
utes to the interactions between the HLA I molecules and the related peptides, validating our analysis. In addition, 
according to recent publications of personalized tumor therapy, the mutant and wild-type antigens (peptides) have 
been confirmed to show enormous differences in HLA binding affinity58,59. For example, it has been confirmed 
that the famous mutant RAS p21 proteins bind to HLA I molecules more easily, and activate CD8+ restricted T cell 
responses better than wild-type RAS p21 proteins, validating that certain amino acid composition features of the 
peptide may definitely contribute to the interactions between HLA I molecules and the related peptides58.

Pseudo-amino acid composition (Pse-AAC) features of peptides. In addition to the amino acid 
composition features, the other five clusters of features (pseudo-amino acid composition features) may also par-
ticipate in these biological processes, according to the optimal feature list (top 10 percent of the 340 optimal fea-
tures). Considering the functional charged residues in the HLA binding pocket, the electrostatic charge signatures 
of peptides, which are clustered into another group of features (ranked 4 and 16), may also be quite significant 
for the specific interactions between peptides and certain antigen binding clefts60. During the peptide generation, 
selection and presentation processes, it has been confirmed that the binding pockets of HLA I molecules show 
specific physico-chemical properties and side-chain selectivity9. Considering that the electrostatic charge signa-
tures of peptides can be attributed to the specific side-chains (R residues), the electrostatic charge signatures may 
definitely contribute to the interactions between HLA I molecules and the related peptides61. Three specific codon 
diversity-associated features (ranked 10, 19, and 34) are also in the top 10 percent of the list of 340 features, imply-
ing that the codon diversity of certain antigen-derived peptides may also contribute to the interactions between 
HLA I molecules and peptides. Three specific secondary structure-associated features (ranked 13, 14, and 29) of 
the peptide have also been screened and are in the top 10 percent of the optimal features. As we mentioned above, 
HLA I molecules participate in cellular immunity by identifying exogenous antigens. Using mouse models, it has 
been confirmed that one of the homologous genes for HLA I molecules in mice, H-2D, shows specific selectivity 
for the secondary structure of its binding peptide, suggesting the specific role of the peptide secondary structure 
in MHC I molecule binding affinities62. In humans, which are our main object of study, a specific trial revealed the 
specific secondary structures of two identified peptides, Tax8 (LFGYPVYV) and Tax9 (LLFGYPVYV), which has 
one additional N-terminal residue, with different affinities for a specific HLA I molecule, HLA-A*02:01, implying 
that peptides with different secondary structures (similar amino acid sequences) show quite different binding 
affinities to HLA I molecules, validating the conclusions of our analysis63,64. Similar to the features of the HLA I 
molecules, we also obtained a few molecular weight-associated features (ranked 27) that were in the top 10 percent 
list. Considering that different molecular weights may indicate the different amino acids, it is quite reasonable for 
us to explain the contribution of molecular weight to the interactions between HLA I molecules and peptides. 
Polarity-associated features (ranked 18 and 25), which had the highest rank of 18 in our filtered list, may also 
contribute to the binding affinity of peptides to certain HLA I isotypes. As commonly reported, one of the cores of 
adaptive immunity is the interactions between the T cell receptor (TCR) on CD8-positive T cells and the peptides 
presented by HLA I molecules. Based on recent publications, the polarity-dependent recognition mechanism of 
HLA I molecules and the related peptides is quite essential for further activation of the downstream immune reac-
tions, validating the irreplaceable role of peptide polarity in effective HLA I-peptide binding processes65.
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Overall, based on our newly presented computational methods, we analyzed and identified a group of core 
regulatory factors of both the HLA I molecules and the related peptides that may contribute to HLA I-dependent 
peptide generation, selection and presentation processes According to the results of our analysis, the features of 
the HLA I molecules show a substantially higher correlation with the HLA I-peptide binding processes, although 
with more redundancy. After removing the redundant features from the analysis, features of the peptide, par-
ticularly the amino acid composition features of the peptides, account for the majority of the top 10 percent of 
our prediction list, confirming that the features of the peptides, particularly the amino acid composition fea-
tures of the peptides, seem to be more significant for the processes, with less redundancy. All of our screened 
high-ranking features have been confirmed by recent publications, as we mentioned above. Unlike the traditional 
explorations that mainly focus on the amino acid composition of the corresponding peptides, wesimultaneously 
concentrated on the biological, evolutionary and chemical features of both the HLA I molecules and related pep-
tides to explore the underlying regulatory factors that contribute to HLA I-peptide binding processes. Therefore, 
supported by these recent publications, our newly presented results may not only partially reveal the underlying 
influential factors (e.g., the amino acid composition features of the peptide) that contribute to the differences in 
the binding affinity of HLA I molecules and related peptides and also provide a new perspective for the underly-
ing mechanisms of HLA I-mediated immune reactions.

Conclusions
The binding affinity between peptide epitopes and HLA proteins have been confirmed to influence the immune 
recognition ability in human beings. However, the principle factors determining the peptide binding specificity 
to different HLA I molecules during various biological stages have not been fully discovered.

In this study, a new method for predicting the HLA class I-peptide interactions was proposed. Three hundred 
forty features of both HLA I proteins and peptide sequences were utilized, including amino acid composition and 
pseudo-amino acid composition features. The optimal classifier was selected from four powerful machine learn-
ing algorithms, and the optimal features were selected based on the maximal-relevance-minimal-redundancy 
and incremental feature selection methods. The results showed that the HLA I molecule features substantially 
contribute to the HLA I-peptide binding affinity, but with high redundancy. The peptide features, especially the 
subgroup features describing the amino acid composition included less feature redundancy and contributed more 
to the binding affinity after the redundant features were removed. The results further validated the hypothesis that 
the features of HLA I molecules and the related peptides simultaneously affect the binding process. Founded on 
systematically analysis, a set of core regulators that contribute to the differences in the binding affinity of the HLA 
I molecules and peptides were discovered. This study may provide a new perspective of the underlying mecha-
nisms of HLA I-mediated immune reactions.
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