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Abstract: Tumor immunotherapy has now become one of the most potential therapy for those intractable cancer 
diseases. The antigens on the cancer cell surfaces are the keys for the immune system to recognize and eliminate 
them. As reported, the immunogenicity of the tumor antigens could be determined by the binding between the key 
epitope peptides and MHC molecules. In recent years, the approaches to anticipate the peptides from the candidate 
epitopes have gradually changed into more efficient methods. Including the improved conventional methods, more 
diverse methods were coming into view. Here we review the anticipated methods of the tumor associated epitopes 
that specifically bind with major histocompatibility complex (MHC) class I molecules, and the recent advances and 
applications of those epitope prediction methods.
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Background

Nowadays, malignant tumors are the main 
death causes of human beings. The low cure or 
survival rate and the high morbidity of cancer 
result in millions of new cases and deaths of 
cancer each year [1]. The poor prognoses of  
the cancer were mainly caused by immune 
escapes. As a reason, immunotherapy based 
on specific immunity has now become another 
promising strategy for cancer treatment, after 
surgical treatment, radiotherapy and chemo-
therapy [2]. Based on the development of im- 
munology, relying on the active immune system 
has become a leading option to overcome the 
intractable cancer problems [3]. Tumor immu-
notherapy is characterized by stimulating the 
specific immune response to enhance the 
immune rejection to inhibit and kill the tumor 
cells, thus reducing the ability of tumor recur-
rence and metastasis. In immunotherapy, the 
antigens on the cell surfaces are the keys for 
the immune system to distinguish normal cells 
from the cancer cells.

As an effective therapeutic form of immunolo-
gy, the treatment against cancer via peptide 
vaccinations has been quite mature during the 
last decades since first reported in 1990 [4], 
that aiming to induce the anticancer immunity 
based on the identified antigen [5]. The active 
immune process induced by antigen would be 
initiated by antigen presenting cells (APC) (mo- 
stly dendritic cells) phagocysis the peptides. 
APCs then cross-presentate the antigen pep-
tides to the CD8+ T cells by MHC class I mole-
cules: These peptides were collectively called 
MHC-I ligands, which are usually 8-11 amino 
acids. The recognition of peptide-MHC complex-
es by CD8+ T cells establishes the antigenicity 
of the peptide [6]. They would be activated by 
peptides specifically and eliminate the targeted 
tumor cells via generation and stimulation of 
cytotoxic CD8+ T lymphocytes (CTLs) [7]. 

Antigens and epitopes

Epitopes are the cognate antigens of the T-cells 
recognize portions. Identifying the epitopes in 
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antigens helps researchers to anticipate the 
related possible immune based therapy. Large 
amounts of the studies focus on the T-cell epit-
ope prediction to identify the shortest peptides 
within the antigens that are able to stimulate T 
lymphocytes such as CTLs. The peptide would 
determine the final immunogenicity which spe-
cifically depends on antigen processing, pep-
tide-MHC binding and cognate T cell receptor 
(TCR) recognition. The key of the peptide vac-
cine delivery treatment was the consisting and 
optimizing of these peptides that derived from 
the candidate epitopes such as tumor-associat-
ed antigens (TAAs) and tumor-specific antigens 
(TSAs). TAAs are antigens in tumor cells that  
are expressed from overexpressed genes in 
tumors. While the TSAs are antigens restricted 
to tumor cells, including those neoantigens that 
arise from DNA mutations. The vast majority 
immunotherapies so far focus on tumor anti-
gens (TAs), such as melanoma differentiation 
antigen MART-1 [8]. However, with little T cells 
activated effects, targeting TA therapy had not 
shown significant success in the clinical trials. 

Most of the TAs including epitopes described 
above required proteasome activity: generally, 
before being loaded on the MHC-1 molecules, 
these folded proteins are degraded by protea-
somes and transferred into the endoplasmic 
reticulum (ER) by the transporter associated 
with antigen processing (TAP) to become pep-
tide-MHC (pMHC) complex. Stable peptides  
are then presented to the cell surface via the 
MHC-1 complex and can be identified by moni-
toring CD8+ T cells. Yet the defects of the prote-
asome-TAP-mediated peptide-processing path-
way is also a key reason of the immune escape. 
For instance, T-cell epitopes associated with 
impaired peptide processing (TEIPP) antigens 
are antigens with an alternative antigen-pro-
cessing route [9]. These antigens could bind 
with MHC-I while the APCs are lacking of TAP, 
right after undergoing the intramembrane pro-
teolysis by the signal peptide peptidase (SPP) 
[10]. Former researchers even developed neo-
epitopes derived from the preprocalcitonin 
(ppCT) leader sequence that to be processed 
independently from conventional proteasomes-
TAP route [11] (Figure 1).

In order to induce the T-cell immunity better, 
the targeted modified peptides must be seek-
ing that can be presented to MHC molecules to 
improve the therapy efficacy. As the research-

ers have paid more attention to the epitopes 
nowadays, different methods for predicting 
peptide binding to MHC molecules are develop-
ing rapidly.

Recent discoveries of the MHC-I epitope pep-
tide screening process

A decade before, effective epitopes peptides 
were preferred to be predicted and screened 
from combinatorial peptide libraries, or from 
the phage display via the epitope libraries 
(made of phage vast clones) [12, 13]. These 
methods for screening cost less and use sim-
ple, however, could not ensure all the peptides 
are immunogenic high affinity or specific. As a 
reason, these approaches have gradually ch- 
anged into more advanced ones. More efficient 
methods like immunopeptidomes, genomics 
and bioinformatics have been widely used now-
adays that can help us to predict and identify 
the TSAs, MHC ligands as well as the corre-
sponding epitope peptide more rapidly and 
accurately.

MHC-I epitope in silico prediction 

MHC-I molecules, termed as Human Leukocyte 
Antigens (HLA) in humans, are particularly poly-
morphic in the human population which have 
highly dependent peptide bounds with individu-
al’s HLA allotypes.

In silico methods largely improved the sensi- 
tivity of the MHC I-bound peptide prediction. 
Different algorithms have been developed for 
predicting the binding affinity between peptide 
and MHC-I molecules. As reported before [14], 
MHC ligands of equal length can be naturally 
aligned and via identifying the specific se- 
quence motifs, models of binding affinity could 
be predicted and trained throughout the known 
ligands for the given MHC I alleles. A number of 
new computational tools have been developed 
for predicting peptide binding to HLA-I mole-
cules due to the increasing availability of high-
quality HLA allele-specific data sets in recent 
years. 

Most of the experimentally verified HLA ligand 
sequences are deposited in public peptide 
ligand databases. The Immune Epitope Data- 
base (IEDB) is one of the largest public resourc-
es for HLA ligand and T-cell epitopes [15], whi- 
ch includes a number of prediction techniques. 
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Formers classified the present computational 
tools into mainly three categories based on 
their methodologies: sequence-scoring based 
methods, machine learning based methods 
(artificial intelligence), and some other struc-
ture-based methods [16].

Sequence-scoring: The first category of in silico 
methods is developed based on different sta-
tistical scoring functions: they score the alter-
native peptide sequences via calculating the 

sequence similarity, amino acid frequencies, 
position-specific and such other certain fea-
tures to generate the motifs of specific HLA 
alleles. After the position-specific scoring ma- 
trix (PSSM) was first generated [17], it has been 
widely used for specifying the information of 
amino acids at different positions of a peptide 
sequence [18], which allows us to calculate the 
score of a peptide via multiplying the frequen-
cies of its corresponding amino acids at each 
position.

Figure 1. The MHC Class I epitope transfer processing. The left part represents the major processes of the cognate 
antigens-epitopes inside the APCs and are presented by MHC I molecules to the surface of the APCs. Endogenous 
antigens are digested by the proteasome, most of the peptide fragments were then transferred into the ER by the 
TAP and form pMHC complex with MHC-I molecules. While TEIPP can only pass the ER by intramembrane proteolysis 
while the APCs lack of TAP, with the help of signal peptide peptidase (SPP). After pMHC complexes formed, they 
would generate the elimination process via stimulating the CTLs. According to the current mainstream MHC ligands 
prediction methods, here we classify the prediction methods mainly into four aspects: 1. In silico methods: includ-
ing sequence-scoring based methods; 2. Machine learning based methods (artificial intelligence), predictive tools 
are available throughout the whole epitope antigen presentation process; immunoaffinity predictions: mainly based 
on mass spectrometry (MS), including different proteomics strategies; 3. High-throughput screening (HTS) based 
methods; 4. iTopia epitope discovery system; 5. In vivo series assays.
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Among them, SYFPEITHI and RANKPEP are two 
of the most reliable and widely used tools. 
SYFPEITHI [19] calculates the score by adding 
the corresponding value of each amino acid at 
each position, while RANKPEP [20] uses the 
motif profiles from calculating the PSSM of 
ligands bound to the given HLA allotypes. In 
addition, the conventional bioinformatics and 
molecular analysis section (BIMAS) is continue 
being used: it was first created by Parker KC et 
al. in 1994 to establish the total peptide bind-
ing motif of the human MHC molecule HLA-
A*0201 and to develop a complete matrix [21], 
which can still successfully screened epitope 
peptides efficiently nowadays [22]. Comparing 
of these latest provided scoring function-based 
tools, one tool named MixMHCpred 2.0.1 [23], 
achieved the best performance because of its 
highest AUC (area under the receiver operating 
characteristic curve) values among nearly all 
19 HLA allotypes, due to its latest public HLA-
peptide data sources, according to the Mei S. 
et al. [24]. It was updated to version 2.1 at 
2020 April and has expanded HLA-I allele  
coverage. In addition, the scoring-based tools 
with other algorithms were coming into view: 
PromPDD that based on the average relative 
binding (ARB) matrix (proposed in 1993 [25]) 
was designed for deciphering and designing of 
promiscuous peptides bind to HLA-I molecules 
[26].

Yet even these widely used algorithms may 
have defects: the present accuracy of the affin-
ity between the predicted peptide and HLA mol-
ecules is still not satisfying. As being designed 
to predict the binding affinity, these traditional 
algorithms would not account for intracellular 
availability of the peptide precursors or their 
processing by proteases. Maria Bonsack et al. 
evaluated most of the prediction tools and 
reported that only 151 of 242 (62%) positive 
predictions matched with actual binding, while 
127 of 278 (46%) true binders were even not 
predicted within the given thresholds after ana-
lyzing all HLA types [27]. To distinguish peptide 
bindings accurately, suitable prediction algo-
rithms shall be chosen depending on HLA type 
and peptide length, because not all peptides 
that were predicted to be binders in silico 
bound experimentally. In their study, Maria et 
al. provided the better tolerant thresholds for 
those former predictions to increase the sensi-
tivity, and developed a web application: MHC 
combine, to facilitate the simultaneous use  
and comparison of multiple MHC class-I pep-
tide prediction algorithms (Table 1).

Machine learning: Since the scoring-based 
approaches only handle linear features of the 
peptide, various machine learning approach- 
es now have been developed for HLA-peptide 
binding prediction. These machine-learning 
tools could identify the peptide whether a bind-

Table 1. The summary of mentioned in silico tools

Category Tool name Invented 
(Year) Website Algorithm Available Latest 

Updating
MHC Based

    Scoring function-based SYFPEITHI 1999 http://www.syfpeithi.de/ PSSM Yes 2012.8.7

RANKPEP 2002 http://imed.med.ucm.es/Tools/rankpep.html PSSM Yes 2009.6.3

BIMAS 1994 http://bimas.dcrt.nih.gov/molbio/hla_bind  HLA-BIND No -

MixMHCpred 2.1 2017 https://github.com/GfellerLab/MixMHCpred PSSM Yes 2020.4

PromPDD 2019 http://www.immunoinformatics.net/PromPDD/ ARBM Yes -

    Machine learning-based NetMHC 4.0 2016 http://www.cbs.dtu.dk/services/NetMHC-4.0 NN Yes -

NetMHCpam 4.1 2017 http://www.cbs.dtu.dk/services/NetMHCpan-4.1/ NN Yes 2019.12

ProPred1 2003 http://crdd.osdd.net/raghava/propred1/ QM Yes -

SVMHC 2002 http://www.sbc.su.se/%7Epierre/svmhc/ SVM No -

SVRMHC 2006 http://SVRMHC.umn.edu/SVRMHCdb SVR No -

ForestMHC 2018 https://github.com/kmboehm/ForestMHC NN Yes -

    Conesus method MHCcombine 2019 http://mhccombine.dkfz.de multiple Yes -

MS-based 

    Proteomics MaxQuant https://www.maxquant.org/ MaxQuant Yes 2019.2

SysteMHC Atlas 2015 https://systemhcatlas.org/ - Yes 2017.8
PSSM: position-specific scoring matrix; ABRM: average relative binding matrix; NN: neural network; ANN: Artificial neural network; QM: Quantitative Matrix; SVM: support 
vector machine; SVR: support vector regression.
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er or not of the HLA molecules by generating a 
score based on extracted feature (0 or 1) via 
constructing a training model.

Artificial neural network (ANN) was first appli-
cated for cancer in 1991 [28], and developed 
for HLA prediction in 1995 [29]. In this app- 
roach, peptide sequences are transformed into 
numeric descriptors (scoring) then fed to sev-
eral layers of artificial neurons, with a given 
value from the previous layer via mathematical 
formula to calculate the final prediction value. 
Some other machine learning tools such as 
SVMHC and SVRMHC, that are based on sup-
port vector machine (SVM) and regression 
(SVR) modeling peptide-MHC binding approa- 
ches, were popular before but haven’t been 
updated for about ten more years, nor the web-
site available [30, 31]. In contrast, the neural 
network was preferred utilized to construct  
the prediction models in a number of ma- 
chine-learning-based tools nowadays, including 
NetMHC 4.0 [32] and NetMHCpan 4.1 [33], the 
two similar and most widely used algorithms. 

Briefly, NetMHC mainly uses an ensemble me- 
thod to generate the neural network and as- 
signs the binding core (nine amino acids), so- 
me extra complementary sequence-based fea-
tures such as length or compositions of the ter-
minal regions also enable the algorithm to learn 
the complex binding patterns from the peptide-
HLA-I molecule. The NetMHCpan is similar with 
NetMHC about the neural network construct-
ing, yet the peptides it was trained by were gen-
erated from both binding affinity assays and 
those peptide ligands identified by mass spec-
trometry (MS) pairing. Besides, pseudosequ- 
ences of HLA-binding pockets were also used 
in NetMHCpan to calculate the similarities of 
different HLA allotypes ligand bindings, that 
made this approach achieve a better predic- 
tion compared to the others. Lately Kevin et al. 
developed a promising method: ForestMHC 
that is also used to identify peptides bound by 
MHC-I [23]. Their random forest approach was 
trained by assembling the largest known data-
base of MS binding data to show and confirm 
the effect of gene expression on peptide pre-
sentation, which was reported outperforms 
NetMHC and NetMHCpan on test sets. Fur- 
thermore, some other new developed algori- 
thms that are specific to neoantigens, such as 
MHCSeqNet, INeo-Epp, are potential general-

ization to those unseen MHC class I alleles [34, 
35] (Figure 2).

MHC-I epitope in vitro screening

Despite these in silico approaches mentioned 
before, there are also some in vitro approaches 
valued a lot, such as using the immunopepti-
dome pathways to predict and isolate the pep-
tide. Numbers of the informatic data were gen-
erated by using in vitro binding assays. Among 
these, the employing of the MS based identi- 
fication of purified MHC-binding peptides is 
always an essential component. 

The method called acid elution (AE) was initially 
applied to eliminate the MHC-I molecules [36]. 
In 1993, acid elution was developed for isolat-
ing the CD8+ T-cell epitopes and β2-micro- 
globulin from the peptide-MHC-I complexes: 
they acid-elute the immunogenic peptides from 
the cell-free supernatants and then separate 
them with reverse-phase high performance  
liquid chromatography (RP-HPLC) [37]. This 
approach is simple yet may bring damage to  
the peptide as the cells may release protease 
simultaneously [38]. Another well-known step 
called immunoprecipitation (IP) then shall be 
required. It applied the isolated MHC-I com- 
plexes to the columns and coupled with mono-
clonal antibodies. The peptides then would be 
then isolated from the HLA complex through 
the AE steps mentioned before and the IP 
purification. 

The sequence of the peptide would then be 
analyzed by tandem mass spectrometry (MS/
MS), with further in vitro and silico validation 
[39]. Mass spectrometry-based pathway for 
MHC-bound peptide prediction was pioneered 
by D. Hunt et al. in 1992 [40]. Its sensitivity  
and speed developed a lot through the decad- 
es. The available endogenously processed and 
presented ligands identification increased fr- 
om dozens to thousands [41-43]. In the pres-
ent, liquid chromatography-tandem mass spec-
trometry (LC-MS/MS) based immuno-peptido-
mics is still the most widely used method to 
identify and quantify the HLA peptides [44], 
through which the information of endogenously 
processed could be directly obtained. Recently, 
Anthony et al. developed an approach by using 
a nano-ultra-performance liquid chromatogra-
phy coupled to high-resolution mass spectrom-
etry (nUPLC-MS/MS). The isolation quality for 
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the peptides was improved via this reported 
new protocol [45].

To identify the MHC ligands from LC-MS/MS 
data, proteomics strategy: searching engine 
and protein database, were required. The app- 
roach was firstly employed in 1994 by J. Eng  
et al. to interpret tandem mass spectra with 
known sequences in a protein database via 
matching the spectra with the predictable pro-
tein fragments cleaved by proteolytic enzymes 
[46]. It has now widely developed into numbers 
of peptide-matching tools such as MaxQuant 
[47], ProteinPilot [48], Proteome Discoverer 

[49] and etc. that are based on different algo-
rithms for peptide prediction [50], as well as 
relevant databases like SysteMHC Atlas [51]. 
As proteomics searching without an enzyme 
specificity, strict false discovery rate (FDR) esti-
mation cut-off (about 1%) and filtration should 
be subsequently required to ensure the accu-
racy of the ligands assignment. Recently And- 
reatta M. et al. proposed an approach called 
MS-rescue which could be employed for rescor-
ing peptide-spectrum matches that not con-
firming to the 1% FDR cut-off [52]. Some in  
silico tools were also developed to improve  
the identification performance because of the 

Figure 2. The process schematic of the two different machine learning prediction methods. Left: The sequence-
scoring based method: after scoring the alternative peptide sequences via calculating the certain features of HLA 
alleles, the position-specific scoring matrix (PSSM) was generated, peptide binding motif would next be formed and 
allows to calculate the sequence score for prediction. Right: The machine-learning based method: identify a score 
(0 or 1) based on extracted feature (whether a binder or not of the HLA molecules) for peptide sequences, then 
fed to several layers of artificial neurons, trained and calculated the final prediction score with the given value from 
previous layer.
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insufficient protein information: SpectMHC was 
proposed based on the NetMHC predictions 
strategy to compile peptide databases for 
searching MHC-I IP MS data: Instead of match-
ing the entire protein database with the peptide 
spectra, it constructed the database based on 
the priori-predicted potential MHC ligands, yet 
this approach may fail on those poorly charac-
terized MHC alleles’ motifs [53] (Figure 3).

Combined utilization

A variety of methods have been enumerated 
though, with the comprehensive use of the mul-
tiple approaches, the accuracy of the predic-
tion, screening and identification of epitopes 
could be improved further. The Table 2 conclud-
ed some recent MHC-I epitopes that mainly 
screened via multiple strategies (Table 2).

Other categories of MHC-I epitope anticipate 
method

Other than the two main categories methods 
mentioned above, some other functional tools 
could also efficiently screen the epitopes.

High-throughput screening methods: The TCR 
epitope scanning method called T-Scan was 
invited in 2019 by Tomasz Kula et., which is a 
high-throughput and genome-wide platform to 
identify the cognate antigens of T cells via using 
a ‘cell-based pooled’ screen [54]. In this assay, 
the T cells were firstly co-cultivated with a len- 
tiviral candidate antigen library, the targeted 
cells with the toxic granules were isolated with 
a fluorescence-activated cell sorting (FACS) 
next, and finally the PCR and next-generation 
sequencing (NGS) were used to identify the 

Figure 3. Main steps of MS-based identification: immunoprecipitation, acid elution, the later tandem mass spec-
trometry analysis and the in silico proteomics validation. The immunoprecipitation: the MHC-peptide complexes 
were isolated from the lysed samples first, with the monoclonal antibodies inside the wall of an isolating column, 
the MHC-I complexes were isolated then. Acid Elution: isolate the CD8+ T-cell epitopes and β2-microglobulin from 
the peptide-MHC-I complexes. The isolated immunogenic peptides would move to the further MS analysis and in 
silico validation.

Table 2. Epitope antigens that recently screened with combinatorial methods
Antigen Approaches Sequence Reference
MUC1 SYFPEITHI, NetMHCpan 4.0 and IEDB YKQGGFLGL [97]

WT-1 SVMHC, RANKPEP, IEDB, MHCPEP and SYFPEITHI RTPYSSDNLYQMTSQLECMTWNQMNL [98]

HPV16 IEDB, ANN and ELISPOT LTAPTGCIKK [99]

HSP90 In vivo assays, MS and Proteome Discoverer NVP-HSP990 [100]

HPV16 NetMHC 4.0, NetMHC 3.4, NetMHCcons 1.1, SMM, BIMAS and SYFPEITHI RTLEDLLMGT [101]

CTA MaxQuant, μLC-MS-MS and NetMHC EADPTGHSY [102]

XAGE-1b NetMHCpan 2.8, IEDB, ANN, SMM and Comblib SPKKKNQQL [103]

HPV L1&L2 NetMHCpan 4.0, SYFPEITHI, ProPred1 [104] and in vivo assays EATVYLPPVPVSKVV [105]
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antigens specifically. During FACS process, T 
cell recognizing would be carried out by deliver-
ing a kind of granzyme B. It was also employed 
in another high-throughput screening assay 
with the same usage that to initiate and trace 
the apoptotic cascade that leads to cell killing. 
The another assay was then characterized by 
sequencing the encoded minigenes after the 
FACS part which was followed by validation wi- 
th high-complexity, epitope-encoding minigene 
libraries [55]. 

Because of the recent publication, no tumor 
epitope screening has been carried out so far 
via the potential high-throughput screening ex- 
cept for the epitopes mentioned in the two ar- 
ticles that discovered these assays. However, 
compared with the predictive algorithms, the 
high-throughput screening methods rely on  
not only the binding affinity between the T cell 
receptors and the peptide-MHC complexes, but 
also the killing activity of the T cells, which is 
way better than the algorithms, since the pair- 
ed sequences and these libraries would help to 
design T cell-based immunotherapeutic better.

Biochemical method: iTopia™: iTopia is a high-
throughput biochemical technology to identify 
the CTL epitopes that enables the peptides to 
be evaluated and ranked rapidly based on their 
bindings, affinity and stability with the HLA 
class I molecules via an anti-HLA antibody [56]. 
It was reported had employed to identify the 
epitopes in the human TAA 5T4 successfully 
[57]. The combination use of iTopia methodol-
ogy with the in silico tools has been reported to 
improve the accuracy and the efficiency of the 
epitope identification, compared with using one 
single approach: Nectin-4 (another kind of TAA) 
was recently screened via the iTopia Epitope 
Discovery System™ with additional use of the 
in silico tools: SYPEITHI and BIMAS [58] (Table 
1).

The only problem of the iTopia is the bias: the 
number of peptide binders were likely to bias 
towards HLA-A*0201 with the lowest number 
of A*0101 in different studies respectively, 
with unclear reason [56, 57].

Series binding assay for peptide identification: 
Though various in silico and in vitro methods 
were mentioned for the peptide screening, their 
efficacy is still hard to guarantee because of 
the complex mechanism composition of the 

antigen presentation. To verify the actual bind-
ing effect of the predicted peptides, a series of 
binding assays could be employed. ELISPOT is 
widely used to observe the promotion of pep-
tide-specific immune responses in peripheral 
blood mononuclear cells in recent years [59], 
which was also reported can be used to identify 
MHC-I epitopes [60]. Systematic peptide librar-
ies were used in 96-well plates and the shorter 
peptides were preferred because of the both 
closing ends of the MHC-I peptide-binding gr- 
oove [61]. The peptides competition for MHC 
binding and the peptide toxicity in this assay, 
however, would substantially limit the accuracy 
of the results [62].

In fact, after the algorithm predictions, binding 
assays including IFN-γ ELISpot restimulation, 
pMHC tetramer staining [63], TAP-deficient T2 
lymphoma cell line testing and in vivo model 
(HLA-transgenic animals to represent human 
MHC-I alleles) testing were sequentially used to 
screen the immunogenic peptides with ideal 
binding affinity. To define the epitope peptide, 
some of the derived immunogenic peptides of 
TAAs such as MUC1 [64], hPEBP4 [65], CUE-
101 [66], DKK1 [67] et al. were all separately 
characterized and screened via those compre-
hensive assays mentioned. 

Optimizing modification of the predicted pep-
tides

Based on the existing screening methods, a 
series of optimizations of the tumor epitope 
peptides could take place for the better practi-
cal application, including self-based structural 
modification and the extra use of other auxiliary 
materials (Figure 4).

Peptide altering

Nowadays, as the mysteries of the interactions 
between peptide and MHC-I molecules are 
being exposed, people gradually drive to the 
individual peptide modifications to increase the 
stability and immunogenicity of the pMHCs via 
optimizing the interactions between peptide 
anchor residues and MHC binding pockets. 
Peptides alterations were proved can enhance 
the presentation of the MHC-I epitope, that 
including peptide N-glycosylation [68], peptide 
shortening optimization [69] and the classic 
peptide substitution [70, 71], recently Abra- 
ham Sachs et al. even use α-aminobutyric acid 
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(AABA) instead of amino acid to substitute the 
cysteine that to increase the assessment of 
immunoaffinity of cysteine-containing peptides 
[72]. Some position-specific alteration such as 
the position 3 proline-altered (p3P) optimiza-
tion was reported that successfully increased 
pMHC complex stability [73], a relevant anti-
cancer vaccination with a p3P altered TEIPP 
neoepitope Trh4 was also reported an enhan- 
cive immunogenicity.

Peptide conjugation

Conjugate modification is another rising an- 
ti-cancer approach. Peptide-drug conjugates 
(PDCs) are widely used as prodrugs for targeted 

drug delivery and chemotherapy in cancer 
treatment. With special linkers, drugs and anti-
bodies can be conjugated with proteins and 
peptides, and active the targeted receptors on 
the tumor cells for more effective treatment 
[74, 75]. Similar modifications were used on 
epitopes: Antibody-peptide epitope conjugates 
(APECs) were made by the conjugation of the 
tumor-targeting antibodies and the protease-
sensitive linkers. The epitopes could be derived 
from ovalbumin [76], cancer testis antigen [77] 
or even viruses such as cytomegalovirus [78] 
and et. that consist of conjugation with the anti-
bodies. The antibody mentioned in the paper of 
David G. et al. could mediate targeted killing 
even with the noncancer antigen peptides, via 

Figure 4. Optimizing modifications of epitope peptides. 
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reprogramming antigenicity of the tumor cells 
to increase effectiveness of immunotherapies 
[78]. In addition, there was also a report that 
links nanoparticles instead of antibodies to 
enhance immunogenicity [79].

Adjuvant modification

Peptide vaccines for inducing the CTL elimina-
tion were mainly designed similar with those 
conventional ones that were administrated by 
subcutaneous injection. As a reason, the adju-
vants also play essential roles for the epitope-
targeted vaccines such as the widely employed 
Freund’s adjuvant (complete: CFA or incom-
plete: IFA) that mediate an inflammatory res- 
ponse [80-82]; the polyinosinic-polycytidylic 
acid (polyI:C) stabilized by lysine and carboxy-
methylcellulose (poly-ICLC) that promotes the 
infiltration of effector CTL [83, 84]; the biologi-
cal protein adjuvant heat shock protein includes 
the recently defined HSP110 that reported a 
stronger protein binding affinity [85]; the factor 
adjuvants including the N-terminal end improv-
ing granulocyte-macrophage colony stimulating 
factor (GM-CSF) [86] and many other similar 
adjuvants that to assist the enhancement of 
the immune reactivity.

Another kind of adjuvants works by directly con-
tacting and assisting the peptides to be more 
efficient: Liposomal cationic adjuvant formula-
tion and nanodiscs are examples that conju-
gates the peptides by the liposomes to exert 
the strong CTL-inducing ability of the peptides, 
yet the former specifically requires intraperito-
neal administration [87-89].

Peptide multimers

To employ the epitopes more efficiently, form-
ing multimers of the peptides are also com-
monly used approaches. MHC-peptide tetra-
mers were widely used for its reliable quantity 
assessment of the aimed immune cells [90, 
91]. In fact, even only the peptide multimers 
can improve the efficiency of the combination 
via increasing the utilization ratio of the pep-
tides. A trimeric long peptide conjugation was 
recently developed to enhance immunogeni- 
city based on a trimers’ platform, as its tertiary 
structure could increase the antigen presenting 
compared with the single peptide [92]. Such 
peptide multimer synthetic pattern was extend-
ed from the method called multiple antigen 

peptide (MAP) [93]. Though the initial purpose 
of the method was to multimerize different 
types of peptide antigens for better delivery, 
the application of MAPs in the research of 
Schetters STT et al. showed its immunotherapy 
potential on single peptide trimer [92].

Conclusion

Comparing among all the existing computation-
al methods, most of the algorithms for predict-
ing the epitope peptide cannot solve the prob-
lem of the deviation between the predicted 
results and the actual experimental outcomes. 
Although the IEDB database developers were 
focusing on increasing the data sets with big-
ger populations to improve its accuracy all 
these years, still only about half of the predic-
tions are reasonable and reliable, which is 
another cause of the widely employing of the 
LC-MS methods. As a reason, to screen out  
the targeted tumor-antigen peptide with better 
accuracy, comprehensive use of multiple meth-
ods shall be preferred. In order to avoid gaining 
the inaccuracy results from the in silico tools 
because of lack of data, researchers shall turn 
to those tools that recently updated with steady 
updating records. In a similar way, suitable ch- 
romatography choosing can also improve the 
prediction accuracy. The former have reported 
that the comprehensive use of similar ligand 
omics experiments assays for the LC-MS/MS 
outcome analysis would improve both the FDR 
estimation and the number of identified pep-
tides for MHC [94]. Despite the predictions, the 
modifications for the epitope peptides have 
been developing rapidly as well. A variety of 
methods are now available for enhancing the 
treatment effect, including different adjuvants 
and conjugation patterns. Yet special attention 
was necessary since the modification shall be 
based on the existing clinical results and suit-
able for the specified tumor.

With the development of the new TAA peptides 
[95], more and more tumor epitope peptide 
vaccines are now gradually putting into clinical 
trials. A few MHC-I anti-cancer peptides have 
entered the clinical trials after a series of in 
vitro screenings so far and the majority of them 
can successfully complete the clinical phase II 
trial, illustrating their safety and effectivity in 
clinical tumor treatment. Those peptides, that 
with great potential to pass clinical tests, would 
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make the peptide vaccine an efficient and safe 
therapy. As technology develops, the prediction 
methods of the epitope in tumor immunothera-
py are likely to be more individual such as neo-
antigens and neoepitopes, that amounts of 
research are now focusing on them [96]. Yet 
these personalized treatmentsare usually with 
higher cost on price and time, which makes 
them hard to be popularized. By contrast, the 
broad-spectrum predictions mentioned we re- 
viewed can give results more promptly without 
delaying the cancer treatment. But with the 
time going, the cost of personal therapy will ulti-
mately be reduced in the future, then there will 
be a strong potential to have a new trend of  
the epitope and related applications. Based on 
that, epitope peptides derived from the predic-
tions might be widely used as cancer treating 
therapy soon.
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