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ABSTRACT 

 

A new method for neoantigen prediction to make  

precise immunotherapy based on large-scale genomic data 

 

 

Sora Kim 

 

 

Department of Medical Science 

The Graduate School, Yonsei University 

 

(Directed by Professor Sangwoo Kim) 

 

 

Tumor-specific mutations form non-self immunogenic peptides called 

neoantigens. Neoantigens can be used as a biomarker predicting patient response 

to anti-cancer immunotherapy such as immune checkpoint inhibitor (ICI), and as 

targets for anti-cancer immunotherapy such as cancer vaccine. In particular, 

clonal neoantigen derived from clonal mutation can be used as effective 

biomarker and target of immunotherapies. Large-scale genomic studies have been 

revealed some of oncogenic mutations known to be shared by many cancer 

patients. If there is a ‘shared neoantigen’ identified in several patients among the 

mutations within certain carcinomas or pan-cancer, the shared neoantigen may 

have applicability as pan-cancer biomarker for immunotherapy. To date, a value 
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of IC50, which predict the binding affinity between a peptide and the major 

histocompatibility complex (MHC), is used to predict neoantigen, but a large 

number of false-positives exist. 

To overcome this problem with the more precise neoantigen prediction, 

Neopepsee was developed based on a machine learning model. Neopepsee 

utilizes RNA-seq and a mutation list to automatically generate mutant peptides 

and predicts immunogenicity through a machine learning-based classifier for nine 

features related to immunogenicity. In order to verify the prediction performance, 

it was evaluated not only for the test dataset but also for independent datasets of 

the melanoma and leukemia, which were validated the induced T-cell responses 

experimentally. In addition, to investigate the existence and the characteristics of 

shared neoantigen and clonal neoantigen, Neopepsee was applied to the large-

scale cancer data provided by the The Cancer Genome Atlas (TCGA). 

Neopepsee showed the improved performance to reduce false positive two times 

more than that of the conventional method in not only the test data but also 

clinical dataset. In the study on the large-scale dataset, it was confirmed there are 

a few shared neoantigen candidates from hotspot mutations in driver genes. The 

9-mer sequence TKQEKDFLW generated from PIK3CA p.E545K determined in 

the HLA restriction of B*44 and B*51 was identified as a shared neoantigen 

candidate, especially in breast and head and neck cancer patients. The peptide 

produced in KRAS p. G12V was identified not only as a neoantigen but also as a 

clonal neoantigen, it could be used as a candidate of a target for immunotherapy. 

The pattern-based shared neoantigen analysis has confirmed identical peptide 

sequence could appear from diverse mutations in distinct genomic location. In 

the analysis using clonal neoantigen, it was confirmed the tumor heterogeneity is 

identified by the ratio distribution of clonal neoantigen in samples of each tumor. 

Also, high clonal neoantigen ratio in heterogeneous tumors was significantly 

associated with poor prognosis. It seems to be caused by immunoediting, in which 
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the immune microenvironment is more suppressed to counter the clonal 

neoantigen generated in the early phase during tumor development, which was 

validated by significantly lower tumor immune microenvironment score in the 

high clonal neoantigen ratio group than in the low group. The neoantigen burden 

in uterine cancer and the clonal neoantigen burden in breast cancer showed 

significant performance of prognosis marker in the prediction of overall survival, 

additionally. Lastly, the clonal neoantigen burden in melanoma and the 

neoantigen in urothelial carcinoma showed significant performance as predictive 

marker of response to ICI treatment. 

Neopepsee predicted the more accurate neoantigen by reducing the number of 

false positives more than the conventional method and suggested the applicability 

to the clinical practice. In large-scale data analysis, it has shown that neoantigen 

characteristics are different according to tumor type, therefore, selective use is 

required according to the characteristics of each carcinoma rather than the 

universal application. 
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I. INTRODUCTION 

 

Immunotherapy has been proven to be effective in different types of cancer such 

as non-small cell lung cancer and melanoma.1-4 It revitalizes an individual’s 

immune system to fight cancer by using their own immune cells. Even it shows 

long-term survival for patients who experienced responses.5 

However, about 20 percent of patients experienced durable objective tumor 

responses,4,6 but the remaining patients experienced unnecessary treatment or 

various side effects.3,7 Therefore, it is important to select the patients who respond 

to immunotherapy. Methods to select patients who respond to immune 

checkpoint inhibitor (ICI), widely prescribed immunotherapy, are as follows: (i) 

the use of programmed cell death protein 1 (PD-1) and programmed death-ligand 
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1 (PD-L1) expression (ii) the use of mismatch repair (MMR) (iii) the use of tumor 

mutation burden (TMB). 

First, the method using expression of PD-1/PD-L1 is based on the mechanism of 

immune checkpoint inhibitors (ICI).8,9 PD-1 receptor is expressed on some 

immune cells such as activated T cells. Binding of PD-1 to PD-L1 on tumor cell 

leads to tolerance of activated T cell. ICI, such as anti-PD-1 and anti-PD-L1, 

blocks the binding of PD-1 to PD-L1 thereby allowing T cells to activate to kill 

tumor cells. However, researches show weak correlation between expression of 

PD-1/PD-L1 and response of ICI.10,11 

Second, the method to use MMR is based on difference between MMR-proficient 

(pMMR) and MMR-deficient (dMMR). MMR deficiency is most prevalent in 

endometrial cancer and colorectal cancer.12 In many colorectal cancer studies, 

compared with pMMR tumors, patients with dMMR tumors show durable 

response, improved disease free survival (DFS) and overall survival (OS).13-15 

Third, TMB is a quantitative measurement of the mutations in a tumor. Mostly, 

it is calculated as somatic mutation counts per megabase (Mb) in coding area of 

tumor genome,16 but TMB in some cases is calculated as mutation count in 

specific genes.17 High TMB is a biomarker being studied to evaluate whether it 

is associated with favorable response to immunotherapy.18-20  

The MMR and TMB methods are similar in that they fundamentally use mutation 

burden. Deficiency of MMR leads to accumulation of mutations. Somatic 

mutations in protein-coding regions result in truncated and nonfunctional protein, 

some of which are immunogenic and induce cytotoxic T cell responses as tumor-

specific non-self peptide (so-called “neoantigens”).21 Thus, systematic evaluation 

of somatic mutations may help advance the promising clinical outcomes of 

immunotherapies in cancer treatment. However, according to the experiments on 

non-small cell lung cancer (NSCLC) patients, there are patients who did not 
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respond to immunotherapy with high TMB, and patients who responded to 

immunotherapy with low TMB.22,23 It shows not all mutations become 

neoantigens. Only a minority of mutations generate neoantigens. Therefore, it is 

necessary to predict the neoantigen from mutations than the use of TMB.  

Neoantigen can be applied not only to ICI but also to different types of 

immunotherapies such as cancer vaccine and adoptive cell transfer (ACT). In the 

cancer vaccine, synthetic neoantigen peptide is used to make the immune system 

recognize the antigen and promote both CD4 and CD8 T cell responses.24 

Chimeric antigen receptor (CAR) T-cell, one of the several types of ACT, is an 

engineered construct consisting of synthetic receptors that target the specific 

antigen such as neoantigen and eliminate the tumor cell expressed the neoantigen 

on the surface.25,26  

Recent studies showed “shared” neoantigens that have been found in more than 

two patients from identical or different tumors.27 Since neoantigens are the results 

of sporadic mutations, they are identified as “private” neoantigen in individual 

tumor patient. However, in the children with diffuse intrinsic pontine glioma, the 

peptide derived from the mutation as K27M of histone variant H3.3 occurs in 70% 

of patients was identified as “shared neoantigen” by inducing HLA-restricted 

CD8+ T-cell responses that eliminate HLA-restricted H3.3K27M+ glioma cells.28 

These results indicate that shared neoantigen between tumor samples may be a 

primary target for immunotherapy.  

Additionally, in tumor progression, clonal evolution by accumulation of 

mutations promotes tumor heterogeneity that influences resistance to 

immunotherapy and induces tumor microenvironment to escape from immune 

control.29-31 By clonal evolution, the mutations in the tumor are divided into the 

clonal mutations that are shared by vast majority of cells and sub-clonal mutations 

that exist only in subset of cells.32,33 The neoantigens derived from clonal 
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mutations may elicit effective response to immune checkpoint inhibitors than 

sub-clonal mutations.34  

Although the availability of neoantigen is increasing, most in silico approaches 

for neoantigen prediction have been focused on the MHC-I-related presentation 

of peptides.35,36 Because only 0.5% of peptides can bind to MHC-I molecules, 

prediction of the binding affinity is the most selective step in the recognition of 

endogenous antigens.37 However, it has been shown high sensitivity and low 

specificity resulting in high false positives.38  

Therefore, Neopepsee was developed as a new machine-learning based method 

to address the noted problems and its implementation. Furthermore, the 

characteristics of neoantigen were investigated not only for the shared 

neoantigens and clonal neoantigen, but also for the possibility of neoantigens as 

predictive marker to predict response to ICI treatment. 
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II. MATERIALS AND METHODS 

 

1. Construction of control positive and negative dataset for modeling 

For the positive dataset, 1,113 epitopes and their corresponding HLA alleles 

reported to exhibit positive T cell response in humans were collected.39 By 

examining wild-type peptides with respect to corresponding epitopes, 311 

epitopes that differed from a natural protein sequence in UniProt40 on 1–2 

peptides were maintained.  

To construct the negative dataset, 22,245 variants were collected from 

common (minor allele frequency [MAF] ≥0.05) non-synonymous single 

nucleotide polymorphisms (SNPs) from dbSNP version 141 with the 

assumption that widespread peptide variants would not lead to an 

immunogenic response. The HLA allele for immunogenic negative peptide 

sequences was randomly selected from HLA alleles of the positive set. To 

maintain the naturally occurring balance between positive and negative 

neopeptides (ratio of 1 to 48),41 the negative set comprised 14,633 mutant 

peptides selected randomly from 22,245 mutant peptides. 

 

2. Construction of public dataset to characterize neoantigen 

To characterize properties of neoantigen across the cancer type, the top six 

largest-scale genomic data in 24 carcinomas were downloaded from The 

Cancer Genome Atlas (TCGA) through dbGAP: breast invasive carcinoma 

(BRCA), uterine corpus endometrial carcinoma (UCEC), head-neck 

squamous cell carcinoma (HNSC), skin cutaneous melanoma (SKCM), lung 

adenocarcinoma (LUAD) and colon adenocarcinoma (COAD).42 The Each 

carcinoma dataset consisted of VCF files containing genomic mutation 
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information and FASTQ files for RNA sequencing as shown in Table 1. For 

the Clinical information was downloaded as opened data through Genomic 

Data Commons (GDC).43  

To identify the association between neoantigen and ICIs, 92 melanoma and 

244 metastatic urothelial cancer (mUC) next-generation sequencing (NGS) 

data were collected. Of melanoma samples, 90 consisted of 49 samples that 

sequenced to 49 of RNA-Seq (GSE91061) and 44 cases of normal-tumor 

matched whole exome sequencing (WES, SRP094781) in Riaz et al. study31, 

27 cases of RNA-Seq (GSE78220) and WES (SRP067938 from UCLA, 

SRP090294 from Vanderbilt) of Hugo et al.44 and 14 cases of RNA-Seq data 

(GSE115821) for the patients who received anti-PD-1 and anti-CTLA4 

therapy studied by Auslander et al.45 All melanoma dataset was downloaded 

through the Gene Expression Omnibus (GEO) and Sequence Read Archive 

(SRA) for RNA-seq and WES, respectively.46,47 mUC cases (RNA-seq, 

EGAD00001003977; WES, EGAD00001004218) were patients treated with 

anti-PD-L1 therapy (atezolizumab) in IMvigor210 study48,49 provided by the 

European Genome-phenome Archive (EGA). Out of 244 cases, since 

systemic errors occurred during detecting mutations, the analysis was 

performed for 243 cases except for 1 sample. All of RNA-Seq and WES were 

sequenced from pretreatment samples. 
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Table 1. Summary of TCGA carcinomas case 

Type VCF RNA Clinical Total1 

BRCA 1,044 1,095 1,091 932 

UCEC 542 557 548 501 

HNSC 510 521 528 474 

SKCM 470 469 468 464 

LUAD 569 517 515 388 

COAD 433 458 459 348 

1 The total counts were calculated for the remaining cases applied the following criteria: (i) 

case without VCF, RNA or clinical data, (ii) case with repeated samples, and (iii) case with 

secondary tumor samples. 
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3. Collection of potential immunogenicity features  

To build a classifier that maximizes the usage of information, 13 previously 

known features were initially collected from literature survey and added one 

newly defined score for each mutant peptide. The 14 potential features were 

divided into three groups based on their representative biological meanings: 

(A) MHC-I binding and presentation, (B) amino acid characteristics, and (C) 

sequence similarity to known epitopes and other auxiliary information. 

With respect to MHC-I binding and presentation, seven features have been 

collected and scored. The concentration required for 50% inhibition of probe 

peptide binding (IC50) score is widely used for measuring MHC-I binding 

affinity. The percentile rank is basically a same measurement for MHC-I 

binding, but can be used for rare HLA types wherein IC50 values cannot be 

inferred. Despite of their positive correlation (Pearson’s r=0.78), the 

percentile rank has been included in the feature set to provide an effective 

substitute for IC50. Presentation of the pMHC-I on the cell surface is mainly 

predicted by NetCTLpan,50,51 which contains scores for MHC-I binding, 

protein cleavage, and TAP transport efficiency and their combined score. A 

score for T-cell recognition of the pMHC-I molecule is collected from the 

previous study.39 

To consider amino-acid characteristics, four features were collected. The 

hydrophobicity of amino acids at TCR contact residues has been identified 

as a strong hallmark of CD8+ T cell-mediated immunity.52-54 The tendency 

of high-binding-affinity with MHC-I molecules was identified at polar and 

charged amino acid residues in positions 2, 3, 5, and 6 of a peptide.53,54 

Likewise, several studies have reported that larger molecular size55 and lower 

entropy56,57 are associated with immunogenicity.  



12 

Also, two recently suggested scores were further considered: differential 

agretopicity index (DAI) and amino acid pairwise contact potentials 

(AAPPs). DAI has been suggested as a better classifier for immunogenicity 

than IC50.58 AAPPs reflects the connectivity between a peptide and its 

binding site on MHC-I.59,60 

Lastly, the sequence similarity to known epitopes was added. Correlation 

between sequence similarity and immunogenicity has been hypothesized 

previously.61,62 As the fundamental objective of the immune response is to 

distinguish non-self peptides from self, it was assumed that these neoantigens 

derived mutations could be prioritized by similarity to known epitopes. Thus, 

discriminative power of similarity score was investigated and confirmed 

(P<2.2e-16).  

Each of the 14 features was applied to the established positive and negative 

dataset to verify the significance of differences between the two groups and 

summarized the results in the Table 2. 
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Table 2. Potential features for immunogenicity prediction 

Feature Description p-value 

A. MHC binding and presentation 

*IC50 Binding affinity between peptide and MHC - 

*Rank Percentile rank generated by comparing the peptide's IC50 

against those of a set of random peptides from 

SWISSPROT database. 

- 

MHC score MHC class I binding affinity into a MHC class I pathway 

likelihood score 
< 2.2E-16 

TAP score Prediction of transporter associated with antigen 

processing transport efficiency 
7.47E-09 

Cleavage score Prediction of proteasomal cleavage < 2.2E-16 

*Combined score Combined prediction score < 2.2E-16 

*Immunogenicity 

score 

Relative ability of a peptide/MHC complex to elicit an 

immune response 
4.66E-10 

B. Amino acid characteristics 

*Hydrophobicity Hydrophobicity score of the peptide < 2.2E-16 

*Polarity & 

Charged score 
Polarity and charged score of the peptide < 2.2E-16 

Molecular size Molecular size of the peptide 0.0187 

Entropy The sum of entropy of each amino acid 0.001428 

C. Sequence similarity to known epitopes and other auxiliary information 

#DAI IC50 difference between wild-type and mutant peptides < 2.2E-16 

*AAPPs Connectivity between the peptide and binding site of the 

MHC 
< 2.2E-16 

*Similarity score Similarity score between the peptide and known epitopes < 2.2E-16 

Fourteen features were considered for immunogenicity classification. P-values denote the 

significance of differences in the control positive and negative peptide sets tested by the Wilcoxon 

rank sum test. * features used in the final Neopepsee model; # features optionally used in the model; 

MHC: major histocompatibility complex; DAI: differential agretopicity index; AAPPs: amino acid 

pairwise contact potentials. 
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4. Calculation of immunogenicity features 

Peptide-MHC (pMHC) binding affinity (IC50 and rank)   The predicted 

binding affinity to the MHC-I molecule is calculated by the recommended 

method of IEDB MHC class I predictor in terms of the IC50 score and 

percentile rank.35 Neopepsee tries to select a k-mer mutant peptide with the 

lowest IC50, given the predicted (or externally provided) HLA genotypes 

(HLA-A, B, and C) and 2k-1-mer mutant peptide. Percentile rank is used as 

a complementary measurement to IC50. When the rare HLA genotypes is 

used as an input in IEDB MHC class I predictor, the rank is calculated, but 

not IC50. For that reason, Neopepsee selects the k-mer which has strong 

binding affinity within the 2k-1-mer peptide by using IC50 when common 

genotype is given or rank for rare genotype. When IC50 value cannot be 

calculated, the score denotes ‘-’ as missing value. 

Presentation of pMHC   The probability that the peptide-MHC is present 

on the cell surface is calculated by NetCTLpan, the accuracy of which has 

been validated in vitro in previous studies.50,51 NetCTLpan generates four 

difference scores regarding MHC binding, TAP, protein cleavage, and their 

combined score of the k-mer peptide. Neopepsee uses only combined score 

for predictive model. 

T cell recognition (pMHC immunogenicity)   The prediction score of the k-

mer peptide for pMHC recognition by the T cell is calculated by the T cell 

class I pMHC immunogenicity predictor with default options.39 

Hydrophobicity score   The score is calculated as the total sum of 

hydrophobicity at every residue in the mutant peptide using the modified 

Kyte-Doolittle numeric hydrophobicity scale (AAindex JURD980101).63 



15 

Polarity&Charged score   The polarity and charged value of a mutant 

peptide is calculated by summing the corresponding scores at residues 2, 3, 

5, and 6 64; the polarity and charged value of an amino acid is acquired from 

the AAindex database ZIMJ68010365 and KLEP84010166, respectively. 

Molecular size   The molecular size of the mutant peptide is calculated as 

follows: molecular weight = sum of individual residues weights – water 

molecular weight (18.015) * (number of residues - 1) 

Entropy   Peptide entropy has recently been reported as an important factor 

in determining immunogenic characteristics.56,57 The absolute entropy score 

for mutant peptides was calculated by summating the pre-defined entropy 

value of each amino acid (AAindex HUTJ700103). 

Differential agretopicity index (DAI)   A log ratio of the mutant to the wild-

type IC50 score is calculated and used for immunogenicity classification.58 

Amino acid pairwise contact potentials (AAPPs)   For each peptide-MHC 

residue pair at the binding site, connectivity is measured by mixed 

quasichemical and optimization-based protein contact potential67 and 

summated over the overlapping amino acids by position-wise weighted or 

un-weighted approaches. To evaluate the connectivity score, the peptide 

sequences at the binding sites of each HLA allele from UniProt were 

collected into a database.40 Then, AAPPs59,60,68,69 was calculated as follows: 

𝑆𝑖𝑚𝑝𝑙𝑖𝑒𝑑 𝐴𝐴𝑃𝑃𝑠 =  ∑ 𝑆(𝐻

𝐿

𝑖=0

∩ 𝐶𝑖) 

S(H ∩ 𝐶𝑖) =  ∑ 𝑃(𝐻𝑗
′, 𝐶𝑗

′)

𝑙

𝑗=0
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where L is the sum of the length of the k-mer peptide sequence and binding 

site sequence of HLA and S(𝐻 ∩ 𝑃𝑖) is the combined pairwise score of the 

overlapped portion of the binding site sequence and neopeptide candidate 

sequence at the ith position (Figure 1). The combined pairwise score was 

calculated by adding pairwise scores between the jth position amino acid in 

𝐻′ and 𝐶′ that is the subsequence of each peptide sequence for the length 

of the overlapped portion (l). 

To give weight to the amino acids in the locus of the overlapped portion, 

different importance values were applied to the pairwise score depending on 

the locus. When the total weight of the locus was 1, the value at the center of 

the overlapped portion was assigned the highest score, with decreasing 

values assigned toward both ends of the overlapped portion. Because little 

difference was found in the positive control dataset, the un-weighted AAPPs 

score was selected as the immunogenicity feature (Figure 2). 

Similarity score   To set up the database of known epitopes, 399,601 

unique validated immunogenic epitopes information was obtained from 

IEDB and only unique epitope sequences were retained. Neopepsee 

calculated the similarity score to perform local alignment using Biojava 

library version 4.1.0.70 BLOSUM100 was used as the score matrix for 

alignment. To minimize the gap open score for alignment, the gap open 

penalty is assigned as the minimum value, which is lower than the lowest 

score in BLOSUM100 for mismatch. The gap extend penalty has a lower 

score than the gap open penalty to minimize the gap extend after gap open. 
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Figure 1. Scoring scheme for calculating amino acid pairwise contact potentials 

(AAPPs). To calculate the AAPP score of given neopeptide sequence and binding site of 

HLA, neopeptide sequence is slid from 0 to L where L represents the aggregate length of 

two sequences. For each move, i-th pairwise score is calculated from amino acid pair of 

overlapped region (shaded area, H’ and C’). The summed value of total pairwise scores 

is reported as AAPP score. 
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Figure 2. Significant test results between the control positive and negative dataset 

from the weighted and un-weighted amino acid pairwise contact potentials 

(AAPPs).  Boxplots show the result of Wilcoxon signed-rank test with un-weighted 

(left) and weighted AAPPs (right). Since the results hardly differ from each other, un-

weighted AAPP as selected as a classification feature. 
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5. Optimization of feature selection 

To achieve better classification accuracy and to reduce the risk of overfitting, 

feature selection was conducted from the 14 scores associated with 

immunogenicity. Of the 14 scores, two (Cleavage and TAP) were initially 

excluded due to a reported lack of consistency,51 leaving 12 remaining 

features. Two major criteria were used for selection: 1) informativeness of 

the feature in classification and 2) inter-dependency between features that 

causes redundancy.  

To measure informativeness, three different analyses were used: correlation-

based feature selection,71 information-gain based feature selection,72 and 

classification power achieved by a single feature. The single feature based 

classification power enables the prediction of the discriminative power of a 

feature in a trained machine learning classifier, which is represented by area 

under a curve (AUC) and area under a precision-recall curve (AUPRC). The 

final informativeness is measured by a merged score. To remove overlapping 

effects, correlation was calculated between inner individual features using 

Pearson and Spearman correlation analysis. If correlation between two 

features was higher than 0.8 in both methods, one was excluded.  

It was found that the conventional features, such as IC50, percentile rank, 

DAI, and the combined score of NetCTLpan, ranked highly in the analysis 

of informativeness. Other features, except for molecular entropy and size, 

also retained a minimum level of information. Notably, sequence similarity 

was highlighted as the most informative feature (top-ranked, Figure 3A). 

Nevertheless, no single feature achieved high precision (in terms of AUPRC) 

or information gain. 

Inter-dependency among the features was further analyzed based on the 

correlation of scores (Figure 3B). A high correlation between two features 
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denoted a redundant use of scores. It was found that MHC binding and the 

combined score from NetCTLpan were highly correlated (Pearson’s r=0.93). 

As the combined NetCTLpan score is considered to be more informative, the 

MHC binding score was removed. Similarly, molecular size and entropy 

were also correlated (Pearson’s r=0.83), both of which were finally removed 

considering the least information gain. The percentile rank, as expected, also 

exhibited good correlation with IC50 values (Pearson’s r=0.78). Meanwhile, 

percentile rank was kept as a substitute for IC50 values, in case of rare HLA 

alleles, wherein IC50 values cannot be inferred.  

Lastly, there were no correlation between DAI and IC50-based features 

(Pearson’s r=0.00–0.12), presumably due to the wide variance in the IC50 

values of wild-type peptides. However, an optional classifier was added in 

Neopepsee, named ‘no-wild-type mode’, for broader application to data sets 

lacking wild-type sequences (e.g., lack of normal genotypes). Finally, nine 

immunogenicity features (with the option for eight without DAI) were 

utilized to construct the machine-learning classifiers. 

Finally, nine immunogenicity features were utilized to construct the 

machine-learning classifiers. 

  



21 

  

Figure 3. Immunogenicity feature selection. (A) The result of each method was 

converted to a percentile rank and expressed as a heatmap. The redder cells indicate the 

closer association with immunogenicity. ‘NA’ in the row for IC50 means ‘not available’ 

for AUC by SVM. (B) Redundancy results between inner features are shown via a 

Pearson correlation graph. The red boxes indicate strong correlation based on a Pearson’s 

r greater than 0.8. MHC binding prediction and the combined score of NetCTLpan, as 

well as molecular entropy and size, showed correlation above the threshold (red box). 
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6. Quantification of gene isoform expression 

It was used beta version 0.10.0 of Sailfish73 for quantifying the abundance of 

gene isoforms. The reference transcriptome was downloaded from the UCSC 

known gene database for hg38 using the UCSC table browser. Before 

reference indexing, the gene symbol and CDS position information was 

added to the transcriptome data. The data were then indexed using the default 

read length option of 100–200 bp in the RNA-seq data. The abundance of 

gene isoforms was calculated as transcriptome per million (TPM) by Sailfish.  

For neopeptide prediction, the expression of the isoform was used to exclude 

mutated genes that are not expressed in the cell. If the expression value of 

the mutated isoform was under the threshold (TPM < 1, by default), then the 

mutation of the isoform was filtered out. Subsequently, k-1-mer (default k = 

9) peptides were extracted back and forth at the mutation locus from wild-

type and mutant peptides of the expressed isoform. Finally, 2k-1-mer 

neopeptide candidates were constructed from the expressed mutations.  

 

7. Determination of HLA allele 

The HLA allele is essential information to predict MHC-I binding affinity of 

mutant peptides. Usually, the allele is provided as a result of external 

molecular assays. In the absence of this result, Neopepsee alternatively tries 

to infer the allele based on the RNA-seq data using HLAminer74 (version 1.4) 

with default parameters. The two top-scored HLA alleles for each of the 

HLA-A, HLA-B, and HLA-C genes (e.g. HLA-A*02:01P) are selected for 

sample annotation. It was used for TCGA dataset. 

For ICIs dataset, HLA genotype was predicted by Optitype75 (version 1.3.1) 

that showed the high performance in several studies for benchmarking the 
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HLA typing.76-78 The algorithm also has been used to determine the HLA 

genotype in various clinical trials.79-81 Therefore, the approach was applied 

to RNA sequencing of ICI-treated dataset with default options as in previous 

clinical trials. 

 

8. Classification for immunogenicity prediction 

Based on the selected immunogenicity features, the machine learning-based 

classifier was constructed and finally integrated. We initially considered four 

learning models: Gaussian naïve Bayes (GNB), locally weighted naïve 

Bayes (LNB), random forest (RF), and support vector machine (SVM).  

It was conducted 10-fold cross-validation on the control data for 500 

iterations. In the training step, calculated immunogenicity features were fed 

into four classification models. Tests were performed with the trained 

classifier and compared with the classification power of the conventional 

IC50 and percentile rank values.  

 

9. Estimation of tumor purity and consequent clonality of neoantigen 

The somatic mutation, which is the basis of the neoantigen, occur in tumor 

cells not in normal cells. Sequencing data generated from bulk tumor 

samples include genomic data of not only tumor cells but also adjacent 

normal cells and non-tumor cells such as immune cells. Therefore, predicted 

allele frequency (AF) of the mutation is diluted by non-tumor cells. To 

calibrate for the dilution, tumor proportion in the bulk reads can be estimated 

based on the tumor purity that is calculated by microscopic examination of 
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hematoxylin and eosin (H&E) stained slides or systematic algorithm. The 

calibrated AF (cAF) can be calculated as follows: 

cAF =
𝑎𝑙𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛 𝑎𝑙𝑙𝑒𝑙𝑒 𝑐𝑜𝑢𝑛𝑡

𝑡𝑢𝑚𝑜𝑟 𝑝𝑢𝑟𝑖𝑡𝑦 × 𝑡𝑜𝑡𝑎𝑙 𝑑𝑒𝑝𝑡ℎ
 

Note that the count of alteration allele is not calibrated by tumor purity. 

Because it has been verified that the alteration allele does not occur in normal 

cells but only in tumor cells through the mutation calling process, a ratio of 

the alteration allele within the tumor proportion is used as the calibrated AF. 

A mutation with cAF of 0.5 means it appears heterozygously in the entire 

tumor tissue, which can be considered as a clonal mutation. However, in the 

clonal mutations, cAF may not appear exactly at 0.5 by sequencing error 

depending on the sequencing method and platform used.82 To calibrate for 

the error, a neoantigen resulting from the clonal mutation predicted above 

0.45 cAF is used as a clonal and others as sub-clonal neoantigens. For TCGA 

dataset, clonality of each neoantigen was calculated by tumor purity based 

on H&E stain.83,84 In the case of ICI-treated dataset, there is no information 

on tumor purity, so it was inferred by ESTIMATE method.85 And the ratio of 

clonal neoantigen was calculated as the total count of clonal neoantigen 

divided by the total count of neoantigen. 

The tumor purity of ESTIMATE is inferred by using the ESTIMATE score 

based on the level of infiltrating stromal and immune cells by single-sample 

gene set-enrichment analysis (ssGSEA)86,87 on the stromal and immune 

signatures. To estimate the value, first, FPKM88 was calculated from RNA-

seq of ICI-treated samples using RSEM89 version 1.3.1 (with STAR90 version 

2.4) with GRCh38 human reference and GENCODE version 22 gene 

annotation data consistent with those utilized in TCGA data analysis 

(https://docs.gdc.cancer.gov/Data/Bioinformatics_Pipelines/Expression_m

RNA_Pipeline/), and used as the input of ESTIMATE (R package version 

https://docs.gdc.cancer.gov/Data/Bioinformatics_Pipelines/Expression_mRNA_Pipeline/
https://docs.gdc.cancer.gov/Data/Bioinformatics_Pipelines/Expression_mRNA_Pipeline/
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1.0.13). Then, in silico tumor purity is estimated from the ESTIMATE score 

by the formula mentioned in the study.85  

 

10. Evaluation of tumor immune microenvironment 

According to the cancer-immunity cycle, the process of anticancer immunity 

is classified into three large categories.91-93 Numerous factors can influence 

to set activate/suppressive anticancer tumor immune microenvironment 

(TIME) at each step of the cancer-immunity cycle. By the cancer-immunity 

cycle in TIME, the immunosuppression mechanisms were divided into the 

six types and factors affecting each type were collected. 

In the activate/recruit step of the cancer-immunity cycle, two 

immunosuppression mechanisms occur during the process from tumor 

antigen release to T-cell priming.94,95 The first is antigen presenting cells 

(APCs) dysfunction. The failure of APCs cannot lead to priming and 

activation of T cells, and promotes immunosuppressive TIME to support 

tumor growth. Therefore, 7 stimulatory and 140 inhibitory genes were 

collected for highly associated with the APCs dysfunction. 96-101 The second 

is targetless T-cell. It is caused by the absence of targeted T-cells that 

recognize neoantigen presented on APC. Three stimulatory and one 

inhibitory genes, which affect the T-cell priming, were collected. 102-104 

In the traffic and infiltrate tumors step, T-cell trafficking and infiltration are 

suppressed by mediator including cytokines and chemokines.105 Infiltrate-

excluded TIME, which is relatively void of tumor-infiltrating lymphocytes 

(TIL) by mediators, inhibits anti-tumor immunity.106 Therefore, 165 

stimulatory and 157 inhibitory genes that affect the TIME as mediator were 

collected.96,107-110 
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Lastly, in the recognize and kill tumor cells step, tumor cells can make 

antigen processing and presenting machinery (APM) components defective 

to escape recognition by T cells.111,112 This defective APM makes T cells 

cannot find the target that represents the neoantigen recognized by the T cells 

by inhibiting expression of APM genes. For factors related to APM, 13 

stimulatory and 2 inhibitory genes were found.113-115 Although tumor cells 

are recognized by T cells, elimination of tumor cells can be suppressed by 

tolerance mechanisms. Tolerance mechanisms limit the activation of 

effector T cells by binding their co-inhibitory molecules with ligands on the 

surface of the tumor to produce inhibitory signals that counteract the 

stimulatory signals.116 For elements related to tolerance, 43 stimulatory and 

64 inhibitory genes were collected.91,110,117,118 

The sixth of immunosuppression mechanisms is caused by regulatory cells. 

There are various types of regulatory cells, from helper T cells that help other 

cells activate,119 to regulatory T cells that suppress the anticancer immunity 

in the TIME.120 These cells have effects on each step of cancer-immunity 

cycle and on favorable survival.121 To across pan-cancer, cells that 

consistently influence immune-activate/suppressive environment and 

favorable/inferior survival were selected, and the markers of each cells were 

collected as stimulatory (258) or inhibitory (294) genes.121,122 

To estimate each score of six suppression mechanisms for tumor immune 

environment, pairwise score was calculated by using gene expression value 

(estimated by transcript per million [TPM]) for all pairs of stimulatory genes 

and inhibitory genes in each mechanisms as follows: 

𝑆𝑁 = {𝑇𝑃𝑀𝑆𝑖
|1 ≤ 𝑖 ≤ 𝑛},  𝐼𝑀 = {𝑇𝑃𝑀𝐼𝑗

|1 ≤ 𝑗 ≤ 𝑚} 

𝑃𝑎𝑖𝑟𝑤𝑖𝑠𝑒𝑁,𝑀 = { 𝑙𝑜𝑔2 (
𝑆𝑛

𝐼𝑚
)|  𝑆𝑛 ∈ 𝑆𝑁,  𝐼𝑚 ∈ 𝐼𝑀} 
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where 𝑆𝑁 and 𝐼𝑀 indicate the expression level of N-th stimulatory gene 

and M-th inhibitory gene in a suppression mechanism for a sample. The score 

is an intra-sample normalized value, which represents the relative degree of 

stimulatory signal for the inhibitory signal of tumor immune system. 

In the case of TCGA-LUAD, the Cauchy distribution was applied to 43,812 

pairwise sets of six suppression mechanisms to eliminate pairs with low 

divergence between samples, and 43,427 of pairwise set remained. Finally, 

the scores for the six mechanisms were calculated by summing all pairwise 

scores of each mechanism. A higher value indicates that the mechanism of 

TIME is activated to eradicate the tumor cells, and a lower value indicates 

that the mechanism of TIME is suppressed. 
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III. RESULTS 

 

1. Overview of Neopepsee 

The overall workflow is shown in Figure 4. RNA-seq data and a list of 

somatic mutations are required for analysis. The HLA allele can be supplied 

as an optional input; otherwise, it can be inferred computationally from the 

RNA-seq data. For each non-synonymous somatic mutation, affected 

peptides are calculated and prepared for classification of immunogenicity. 

Neopepsee classifies the potential neoantigens into three categories (high, 

medium, and low) with respect to the predicted immunogenicity, and reports 

the results along with 87 immunogenicity-related values, including 

conventional predictions (Table 3), expression levels of neopeptides and 

immune regulatory genes (e.g., PD1, PD-L1). 
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Figure 4. MHC-I antigen presentation pathway and corresponding Neopepsee 

procedure. (A) The mutant peptide (mutation sequence represented in red) from a tumor-

specific antigen can be present in the plasma membrane of the major histocompatibility 

complex (MHC)-I molecule as the result of a series of reactions. First, tumor-specific 

antigens are degraded by the proteasome (Process 1). Then, the resulting peptides are 

transported via transporters associated with antigen presentation (TAP) into the 

endoplasmic reticulum (ER) lumen. The neopeptide binds to the binding-groove of MHC-

I molecules (Process 2). Peptide-MHC class I complexes (pMHC-I) are then transported 

via the endoplasmic reticulum (ER)-Golgi pathway to the plasma membrane for antigen 

presentation to activate CD8+ T cells. MHC-I, major histocompatibility complex I; β2m, 

β2-microglobulin; TCR, T cell receptor. (B) Overall Neopepsee workflow. Somatic 

mutations and gene expressions of a given tumor tissue are assessed for neoantigen 

prediction. In total, 10 immunogenicity features are calculated for each mutant neopeptide 

and fed into a classifier. Yellow boxes denote unique modules in Neopepsee. 
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Table 3. Neopepsee output format with annotated information 

Index Features Description 

1-9 
transcript, gene, chr, pos, ref, alt, expr(TPM), 

WT_AA, MT_AA 
Mutation information 

10 HLA-A_allele HLA allele information 

11 HLA-A_peptide 

N-mer peptide expected to 

bind MHC with highest 

affinity (IC50) 

12 HLA-A_mutLocus 
Locus with mutated amino 

acid 

13-33 

HLA-A WT/MT_rank, WT/MT_ic50, DAI, 

WT/MT_Immuno, WT/MT_MHC, WT/MT_TAP, 

WT/MT_Cle, WT/MT_Comb, WT/MT_hydro, 

WT/MT_polar, WT/MT_AAPPs 

Score of individual features 

(detailed feature 

information in Design and 

Implementation) 

34 HLA-A KE (score|species1|species2... information) 

Epitope similarity search 

result including the closest 

known epitope information 

35-59 Column 10~34 for HLA-B 

60-84 Column 10~34 for HLA-C 

85-87 Final prediction for HLA-A/B/C 

Neopepsee’s 

immunogenicity 

classification with respect 

to HLA types A, B, and C 

chr: chromosome; pos: genomic position; ref: reference allele; alt: alternative allele; expr: 

expression level;  TPM: transcripts per million ; WT: wild-type; MT: mutant type; HLA: human 

leukocyte antigen; KE: known epitope information. 
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2. Evaluation of neoantigen prediction in Neopepsee 

Two types of descriptive statistics have been used to analyze the prediction 

accuracy of machine-learning classifiers (Figure 5). First, the overall AUC 

of the ROC curve was improved in Neopepsee (GNB: 0.975; LNB: 0.976; 

RF: 0.976; SVM: 0.981) compared to conventional measures (IC50: 0.96; 

percentile rank: 0.946) in Figure 5A. Second, the AUPRC (Figure 5B) was 

improved approximately 2 to 3-fold (GNB: 0.41; LNB: 0.44; RF: 0.68; and 

SVM: 0.61) compared with the IC50 (0.24) and percentile rank (0.28). 

Overall, the results demonstrate that machine learning-based classifiers have 

higher classification power than conventional single-value based approaches. 

The overall accuracy at the specific threshold was measured. Conventional 

thresholds for immunogenicity prediction used 500nM for IC50 and 2.49 for 

percentile rank, respectively.62,123,124 The candidate neoantigens were divided 

into three classes regarding the output membership probability of the trained 

classifiers: high (the most precise), medium (the most sensitive) and low. 

The lowest membership probability, which qualifies sensitivity level of 0.95 

to exclude outliers, is set as threshold for medium class. The threshold for 

high class is the highest membership probability at which specificity is above 

0.95. In the test step, the high class had increased precision and specificity, 

whereas the medium class was optimized for increased sensitivity.  

In terms of AUC and AUPRC, the RF and SVM classifiers showed the best 

performance. However, the low thresholds at the membership probability in 

the medium class implied the perceptual tendency to call a smaller number 

of answers to prioritize specificity in both models. The tendency led to a 

drastic drop of precision at obtaining higher recall (Figure 5B). Therefore, 

LNB was finally selected as a classification model based on performance 

robustness.  
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Figure 5. Performance evaluation for Neopepsee. (A) ROC curves of four predictive 

models (Gaussian naïve Bayes, locally weighted naïve Bayes, random forest, and support 

vector machine,) and two conventional methods (IC50 and percentile rank). All four 

predictive models outperformed the conventional methods. (B) pROC curves of the same 

six models. All four predictive models show better performance than the conventional 

methods. AUPRC is maximized in the RF model, however, an acute drop in the high recall 

area is observed; LNB shows the best performance when the recall was 1. GNB=Gaussian 

naïve Bayes, LNB=locally weighted naïve Bayes, RF=random forest, SVM=support 

vector machine, RANK=percentile rank, High/Medium=classified with high/medium 

probability for immunogenicity. MCC=Matthews correlation coefficient. 
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3. Tests on independent experimental data 

Neopepsee was tested on independent data sets from recent studies that 

reported experimentally confirmed immunogenic and non-immunogenic 

peptides in melanoma124 and chronic lymphocytic leukemia125 patients 

(Figure 6). From both studies, 1,093 peptide sequences were obtained, 65 of 

which were validated (12 immunogenic and 53 non-immunogenic). The 

number of total calls and true and false positives was assessed in the medium 

and high classes of Neopepsee and further compared with the conventional 

criteria (Figure 6A).  

Regarding sensitivity, IC50 and the medium class called all 12 answers: note 

that the perfect sensitivity for IC50 is expected, because the peptides for 

validation were initially selected by IC50. Classification using percentile rank 

and the high class missed one and two answers, respectively. However, the 

high class only misclassified 14 non-immunogenic peptides out of the 53, 

increasing in specificity to 0.74 (compared to 0.45 for IC50 and 0.42 for 

percentile rank). The balanced measure (f-score) confirmed the improved 

classification power (0.41–0.45 in conventional criteria vs 0.48–0.56 in 

Neopepsee). 

For more accurate comparison of discriminative power, the distributions of 

scores were plotted for immunogenic and non-immunogenic peptide groups 

(Figure 6B). The P-value of discriminative power was calculated by 

Wilcoxon ranksum test. The results showed a tighter clustering of 

immunogenic peptides, with a better separation from non-immunogenic 

peptides (P=6.84E-05). While the majority of non-immunogenic peptides are 

assigned with low probabilistic scores (<0.5), separation of false negatives 

with very high scores (~1.0) would be the key to achieving better separation 

with continued accumulation of validated data for training.
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Figure 6. Performance of Neopepsee in independent validation dataset. (A) Comparison of performances 

between each method. # of calls, the total neoantigen candidates from each method; # of hits, the number of 

true positives; # of FPs, the number of false positives. (B) Comparison of discriminative power for three 

methods. Only Neopepsee shows significance between immunogenic and non-immunogenic scores. The y-

axis of Neopepsee was vertically inverted for convenient comparison. 
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4. Application to The Cancer Genome Atlas dataset 

A. Neoantigen landscape in different carcinomas 

Neopepsee was applied to six different large cancer genome cohort 

(Table 1) to examine the characteristics of neoantigens predicted from 

diverse tumor types. The median of somatic single-nucleotide variants 

(SNV) was 28, 56, 69.5, 226, 136.5 and 82 for each carcinoma, and the 

median of putative neoantigens was 4, 11, 7.5, 22, 14 and 11, 

respectively. Figure 7A shows the logarithmically transformed burden 

of the neoantigen and missense mutation from which it originates from 

samples in each carcinoma. The correlations between neoantigen burden 

and mutation burden by Pearson’s correlation coefficient ranged from 

0.59 to 0.91, which showed a large difference between carcinomas. On 

the right end of the figure, there are samples in which no neoantigens 

even though a lot of mutations existed especially in SKCM and LUAD. 

Since the qualified missenses were dominant in mutation types of the 

TCGA-provided carcinoma, the variant distribution of non-synonymous 

and missense was found to be similar (Figure 7B and Figure 7C). 

However, neoantigen distribution across samples was spread out over a 

wide range than that of missense (Figure 7D), although the dispersion is 

different depending on each carcinoma.  

In addition, on the basis of researches that the portion of stromal or 

immune cells in the tumor affects immunotherapy efficacy and patient’s 

prognosis,126 the association with stromal and immune scores predicted 

by ESTIMATE was evaluated in terms of neoantigens and tumor 

mutation burden (TMB) that is widely considered in clinical applications. 

As shown in Figure 8–Figure 13, TMB and neoantigen themselves were 
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not related to the score of stromal and immune cells across six tumor 

types, respectively. 

To investigate whether shared neoantigens occur in pan-cancer or 

differently in each tumor type, three criteria were applied to find the 

presence of potential shared neoantigens across tumor patients. 
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Figure 7. The distribution pattern of neoantigen and mutation burden. (A) Orange 

and blue bars show the burden of putative neoantigens and somatic point mutations in 

each tumor type. It is sorted from the left according to the number of neoantigens. (B) 

Distribution of log-transformed count for non-synonymous mutations, (C) log-

transformed count for missense, and (D) log-transformed count for neoantigens in each 

tumor type. 
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Figure 8. Correlation between ESTIMATE score and mutation burden in TCGA-

BRCA. (A) Correlation of stromal score with log-transformed non-synonymous 

mutations (left) and log-transformed neoantigens (right). (B) Correlation of immune score 

with log-transformed non-synonymous mutations (left) and log-transformed neoantigens 

(right). 
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Figure 9. Correlation between ESTIMATE score and mutation burden in TCGA-

UCEC. (A) Correlation of stromal score with log-transformed non-synonymous 

mutations (left) and log-transformed neoantigens (right). (B) Correlation of immune score 

with log-transformed non-synonymous mutations (left) and log-transformed neoantigens 

(right). 
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Figure 10. Correlation between ESTIMATE score and mutation burden in TCGA-

HNSC. (A) Correlation of stromal score with log-transformed non-synonymous 

mutations (left) and log-transformed neoantigens (right). (B) Correlation of immune score 

with log-transformed non-synonymous mutations (left) and log-transformed neoantigens 

(right). 
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Figure 11. Correlation between ESTIMATE score and mutation burden in TCGA-

SKCM. (A) Correlation of stromal score with log-transformed non-synonymous 

mutations (left) and log-transformed neoantigens (right). (B) Correlation of immune score 

with log-transformed non-synonymous mutations (left) and log-transformed neoantigens 

(right). 
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Figure 12. Correlation between ESTIMATE score and mutation burden in TCGA-

LUAD. (A) Correlation of stromal score with log-transformed non-synonymous 

mutations (left) and log-transformed neoantigens (right). (B) Correlation of immune score 

with log-transformed non-synonymous mutations (left) and log-transformed neoantigens 

(right). 
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Figure 13. Correlation between ESTIMATE score and mutation burden in TCGA-

COAD. (A) Correlation of stromal score with log-transformed non-synonymous 

mutations (left) and log-transformed neoantigens (right). (B) Correlation of immune score 

with log-transformed non-synonymous mutations (left) and log-transformed neoantigens 

(right). 
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(1) Gene-based shared neoantigen 

A frequently mutated gene top 10 was established from six carcinomas 

to identify the recurrent gene regardless of the genomic location of 

neoantigen. In general cancer genomics analysis, the ‘blacklist’ is 

removed to find the causal mutation and gene of cancer, and the 

mutation landscape is drawn using the remaining genes, which are 

identified mainly oncogene (Figure 14A–Figure 19A). Blacklist is a 

nonpathogenic gene list that has frequently occurred mutation due to its 

own characteristics or gene size.127 For tumor patients, these genes are 

not associated with the cause of the tumor, but they can be used as 

neoantigens if the mutation in blacklist forms a non-self immunogenic 

peptide. Therefore, top 10 of frequently mutated gene was reestablished 

with the blacklist (Figure 14B–Figure 19B). In the neoantigens 

calculated from the gene, although it is expected that neoantigen will 

frequently identified in recurrently mutated gene, only 50–70% of genes 

appeared in neoantigen landscape across tumor types. Instead, 

neoantigens were identified in genes which were out of top10 mutated 

genes with blacklist. (Figure 14C–Figure 19C). The genes at the bottom 

of the figure were known to be mutated significantly in each tumor, but 

it was shown not related to the occurrence of neoantigens in other gene. 

Analysis of the potential shared neoantigen based on the various 

characteristics of the gene was shown that the gene itself is less relevant 

to the occurrence of neoantigen. However, TP53, TTN and PIK3CA 

have been repeatedly identified occurrence of neoantigen from multiple 

samples across all tumor types. These genes are expected to be used as 

public neoantigen for widespread use in patients based on further 

investigation of HLA allele and peptide form. 
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Figure 14. Genomic landscape of mutations and neoantigens in TCGA-BRCA. (A) 

The top 10 genes that recurrently mutated across samples in the tumor excluding blacklist 

genes. (B) The top 10 genes that recurrently mutated across samples in the tumor 

including blacklist genes. (C) The top 10 genes that were predicted recurrently 

neoantigens across samples in the tumor. 
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Figure 15. Genomic landscape of mutations and neoantigens in TCGA-UCEC. (A) 

The top 10 genes that recurrently mutated across samples in the tumor excluding blacklist 

genes. (B) The top 10 genes that recurrently mutated across samples in the tumor 

including blacklist genes. (C) The top 10 genes that were predicted recurrently 

neoantigens across samples in the tumor. 
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Figure 16. Genomic landscape of mutations and neoantigens in TCGA-HNSC. (A) 

The top 10 genes that recurrently mutated across samples in the tumor excluding blacklist 

genes. (B) The top 10 genes that recurrently mutated across samples in the tumor 

including blacklist genes. (C) The top 10 genes that were predicted recurrently 

neoantigens across samples in the tumor. 
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Figure 17. Genomic landscape of mutations and neoantigens in TCGA-SKCM. (A) 

The top 10 genes that recurrently mutated across samples in the tumor excluding blacklist 

genes. (B) The top 10 genes that recurrently mutated across samples in the tumor 

including blacklist genes. (C) The top 10 genes that were predicted recurrently 

neoantigens across samples in the tumor. 
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Figure 18. Genomic landscape of mutations and neoantigens in TCGA-LUAD. (A) 

The top 10 genes that recurrently mutated across samples in the tumor excluding blacklist 

genes. (B) The top 10 genes that recurrently mutated across samples in the tumor 

including blacklist genes. (C) The top 10 genes that were predicted recurrently 

neoantigens across samples in the tumor. 
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Figure 19. Genomic landscape of mutations and neoantigens in TCGA-COAD. (A) 

The top 10 genes that recurrently mutated across samples in the tumor excluding blacklist 

genes. (B) The top 10 genes that recurrently mutated across samples in the tumor 

including blacklist genes. (C) The top 10 genes that were predicted recurrently 

neoantigens across samples in the tumor. 
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(2) Position-based shared neoantigen 

Previous analysis has shown that neoantigen appears repeatedly in some 

genes, and it has been further investigated whether they occur repeatedly 

in accordance with the genomic coordinates. Then, it was found that 

there is at least one region that appears repeatedly in more than 5 

samples in six carcinomas and its location is not specific to a particular 

chromosome (Figure 20). For each tumor tissue, the neoantigen that 

repeatedly appears in more than 5 samples is summarized in Table 4 (for 

high level), Table 5 (for above-medium level) according to the level of 

putative neoantigens. The most recurrent sites were different for each 

carcinoma, but KRAS p.G12A/V and PIK3CA p.E545K were similarly 

repeated in different carcinomas when using putative neoantigens 

classified above medium level. Especially for KRAS, although the 

genomic position is the equal, it was confirmed that the sequence form 

of the peptide may be different due to the variant difference. It was also 

confirmed in analysis using putative neoantigen classified as high level, 

and G12V was verified that induced T cell responses in mouse.128 By 

identifying the neoantigen for mutations that are frequently found but 

do not have target therapy, it was able to expect for clinical benefit of 

anti-cancer immunotherapy to treat patients with such mutations. 

However, TP53 and TTN recurrently identified in the gene-based shared 

neoantigen analysis were not identified in the results of position-based 

analysis. The results implies that neoantigens are generated from 

mutations at different genomic positions in each sample.  
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Figure 20. Frequency of neoantigen predicted above medium level in whole 

chromosome position. 
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Table 4. List of position-based shared neoantigens predicted high level  

Tumor SNV Chr Position Frequency 

BRCA TP53 p.C135Y/F 17 7675208 7 

 TP53 p.K132N 17 7675216 5 

UCEC KRAS p.G12A/V 12 25245350 10 

 CTNNB1 p.S37C/F 3 41224622 7 

 B2M p.V47M 15 44715494 7 

 TP53 p.C141Y 17 7675190 7 

 DCAF4L1 p.T235M 4 41982496 6 

 HIST1H2BN p.D69N 6 27838866 6 

 PTEN p.R130G 10 87933147 6 

 HNRNPM p.V276I 19 8467576 6 

HNSC TP53 p.G105V 17 7676055 5 

SKCM A2M p.P36S 12 9113524 5 

LUAD KRAS p.G12D/V/A 12 25245350 9 

COAD KRAS p.G12V/A 12 25245350 14 

 CTSC p.N244S 11 88300556 5 

 ERBB2 p.V777L 17 39724747 5 
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Table 5. List of position-based shared neoantigens predicted above medium level 

Tumor SNV Chr Position Frequency 

BRCA PIK3CA p.E545K 3 179218303 14 

 TP53 p.C135Y/F 17 7675208 7 

 TP53 p.V216M 17 7674885 6 

 PIK3CA p.N345K 3 179203765 6 

 TP53 p.K132N 17 7675216 5 

 ERBB2 p.V777L 17 39724747 5 

 TMEM38B p.W90C 9 105721537 5 

UCEC CTNNB1 p.S33Y/C 3 41224610 12 

 POLE p.V411L 12 132673703 12 

 KRAS p.G12A/V 12 25245350 11 

 CTNNB1 p.S37C/F 3 41224622 8 

 DCAF4L1 p.T235M 4 41982496 8 

 PTEN p.R130L/Q 10 87933148 8 

HNSC PIK3CA p.E545K 3 179218303 6 

 HRAS p.G13V 11 534285 5 

 ACER3 p.I102V 11 76976325 5 

 TP53 p.G105V 17 7676055 5 

SKCM TRRAP p.S722F 7 98912179 12 

 NRAS p.Q61L/R 1 114713908 9 

 BRAF p.V600M 7 140753337 8 
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 CSMD1 p.R1077C 8 3359230 7 

 CD1C p.R89C 1 158291337 6 

 PCDHGB1 p.P17S 5 141350309 6 

 TRRAP p.S674F 7 98912035 6 

LUAD KRAS p.G12D/V/A 12 25245350 14 

 CD81 p.G30V 11 2390434 8 

 PCDH11X p.T571N 23 91877952 5 

COAD KRAS p.G12V/A 12 25245350 21 

 ERBB2 p.V777L 17 39724747 6 

 SNX17 p.A53V 2 27372642 5 

 CTSC p.N244S 11 88300556 5 
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(3) Pattern-based shared neoantigen 

Since neoantigen is determined by short sequence of peptide, it was 

investigated whether a similar sequence generated from different 

regions of genes. The analysis was processed by the following two 

aspects. First, it was examined to the sequence characteristics of 

neoantigen comprised of 9-mer peptide. The frequency of 9-mer 

sequence was measured from neoantigens classified into above medium 

level in tumor samples. Second, sub-sequence patterns of neoantigen 

were investigated to find motifs leading to immunogenicity due to 

similarity with known epitope. 

In pattern-based analysis of 9-mer sequence, the results of Table 6 is 

sequences repeated in more than 5 samples in each tumor type regardless 

of HLA allele. For the TCGA-LUAD, the most repeated sequence 

appeared in only four samples. In TCGA-BRCA and TCGA-HNSC, the 

most frequent sequence was TKQEKDFLW peptide generated from 

PIK3CA p.E545K with HLA-B44 and B*51:42 allele, which was 

mentioned in position-based shared neoanigen. In particular, with 

diverse HLA alleles, ITHTGEKPY and RIYTGEKPY peptides were 

found to higher frequency than that of the most recurrently mutated 

region in position-based shared neoantgen in TCGA-UCEC and TCGA-

SKCM, respectively. These results suggest that similar peptide form of 

neoantigen can be produced from distinct mutations of different regions. 

In the case of this, they were generated from mutations in each other 

zinc finger genes that were in different chromosome and genomic 

location. 

The result of sub-sequence pattern was determined as shown in Table 7. 

In TCGA-BRCA, the repeated sub-sequence pattern of neoantigen was 
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newly found from different mutations in five samples, which was not 

detected in analysis of 9-mer sequence. In addition, by analyzing the 

sub-sequence patterns of neoantigens, it was identified a pattern of 

VVGAVGV that appeared consistently across the three carcinomas and 

one sample of TCGA-BRCA. The sub-sequence pattern was identified 

from neoantigens produced in KRAS p.G12V. The peptide form of 

neoantigen was influenced on individual HLA allele and was not 

identified as frequent as sub-sequence analysis in 9-mer sequence 

analysis. Since neoantigen is HLA-restricted peptide of pMHC complex 

that induced T cell response, it was identified that the MHC-loaded 

peptides appeared dependently according to the diverse peptide-binding 

motifs between individual HLA alleles. Thus, the pattern of 7-mer 

sequence was detected repeatedly in the sub-sequence analysis unlike 9-

mer sequence.  

Despite different types of cancer, it has been confirmed that the same 

peptide form produced by the same mutation or different mutation is 

shared across tumor types. It has been also identified that the peptide 

form produced in the same mutation differ by individual HLA alleles 

but can be shared in sub-sequence form. Therefore, the sub-sequence 

pattern can be used to factor in detecting shared neoantigen that shared 

in distinct HLA allele for study of public neoantigen. 
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Table 6. Recurrent 9-mer sequence of neoantigen in six carcinomas 

Tumor Neoantigen HLA alleles Epitope information Freq. 

BRCA TKQEKDFLW 
B*44:21,B*44:49,B*44:50P, 

B*44:59P,B*44:83,B*51:42 
Homo sapiens 14 

UCEC ITHTGEKPY 

A*29:02P,A*29:10,A*30:04P, 

A*36:01,B*15:162,B*35:01P, 

B*56:03,C*03:40P 

Homo sapiens 14 

 IIHTGEKPY 

A*29:10,A*30:04P,B*35:01P, 

B*35:15,B*35:64P,B*56:03, 

C*03:40P 

Homo sapiens 8 

 QTGVMICAY 
A*01:01P,A*29:02P,A*29:10, 

A*36:01,A*43:01 

Homo sapiens,Peste-des-

petits-ruminants virus 

China/Tibet/Geg/07-30 

7 

 GTGVMICAY 
A*01:01P,A*29:02P,A*30:02P, 

A*36:01,B*15:01P 

Homo sapiens,Peste-des-

petits-ruminants virus 

China/Tibet/Geg/07-30 

7 

 RTHTGDKPY 
A*36:01,B*46:13P, 

B*56:03,C*03:40P 
Homo sapiens 7 

 HMDCLRWLK 
A*03:48,A*11:61,A*33:03P, 

A*36:01,A*68:22 

Klebsiella pneumoniae 

subsp. pneumoniae 

MGH 78578 

6 

 KAFNQSSNL 
B*57:06,C*01:02P,C*12:14P, 

C*15:02P,C*16:02P 
Homo sapiens 5 

 HTGEKPYKY A*01:01P,A*29:02P,A*36:01 Homo sapiens 5 

 VVGAVGVGK A*03:01P,A*68:22,A*74:01P Homo sapiens 5 

 IHMDCLRWL 
C*04:07,C*04:38,C*04:70, 

C*07:57,C*14:03 

Klebsiella pneumoniae 

subsp. pneumoniae 

MGH 78578 

5 

 LVVVGAVGV A*02:91,A*69:01 
Homo sapiens,Xenopus 

(Silurana) tropicalis 
5 

 WQQQSYLDF 

A*24:91,A*24:95, 

B*15:90,B*18:26,B*41:02P, 

B*44:46,B*48:08 

Homo sapiens 5 

 RIHTGDKPY A*30:04P,A*36:01,B*56:03 Homo sapiens 5 

HNSC TKQEKDFLW 
B*44:24,B*44:48,B*44:49, 

B*44:83,B*51:42 
Homo sapiens 6 
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SKCM RIYTGEKPY 

A*03:01P,A*03:39,A*03:51, 

A*03:57,A*03:60,A*11:02P, 

A*31:08,A*32:17,A*36:01, 

B*15:01P,B*15:53,B*15:87, 

B*56:03,B*56:18, 

C*03:02P,C*12:19 

Homo sapiens 28 

 IGDFGLATM 
C*01:08,C*03:04P,C*03:55, 

C*03:64P,C*08:03P,C*17:01P 
Homo sapiens 8 

 RVYTGEKPY 

A*36:01,A*74:01P, 

B*15:16P,B*15:54, 

C*03:02P,C*12:19 

Homo sapiens 6 

 LVFGSVFLF 

A*02:65P,A*26:08,A*34:01P, 

B*46:06,B*51:42,B*57:01P, 

C*03:40P,C*16:01P,C*16:15P 

Vaccinia virus 6 

 IIYTGEKPY 
A*03:39,A*03:77,A*32:04, 

A*36:01,C*12:19 
Homo sapiens 6 

 KTAENFCAL 

A*02:01P,A*36:01, 

B*46:06,B*67:01P, 

C*01:14,C*03:04P, 

C*07:56P,C*16:01P 

Trypanosoma cruzi 

strain CL Brener 
5 

 AGREEYSAM 
B*07:05P,B*07:43,B*07:86, 

B*07:89,B*07:92 
Caenorhabditis elegans 5 

 MAYDCYVAI 

A*32:17,A*69:01, 

B*52:14,C*03:02P, 

C*07:56P,C*16:15P 

Necator americanus 5 

LUAD VVGAVGVGK 
A*03:01P,A*03:77, 

A*30:08,A*34:02P 
Homo sapiens 4 

COAD LVVVGAVGV A*69:01 
Homo sapiens,Xenopus 

(Silurana) tropicalis 
7 
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Table 7. Recurrent sub-sequence pattern of neoantigen in six carcinomas 

Tumor Sub-sequence HLA allele Epitope Freq. 

BRCA LCATYVK 
A*02:01P,A*02:85,A*02:95, 

A*03:01P,A*03:55 
Vaccinia virus 5 

UCEC HTGEKPY 

A*01:01P,A*24:61,A*29:10, 

A*36:01,A*36:04,A*43:01, 

B*35:15 

Homo sapiens 15 

 TGVMICAY 

A*01:01P,A*29:02P,A*29:10,

A*30:02P,A*36:01,A*43:01, 

B*15:01P 

Homo sapiens 13 

 TGVMI 

A*01:01P,A*29:02P,A*29:10,

A*30:02P,A*36:01,A*43:01, 

B*15:01P 

Peste-des-petits-ruminants 

virus China/Tibet/Geg/07-

30 

13 

 HMDCLRWL 

A*03:48,A*11:61,A*33:03P, 

A*36:01,A*68:22, 

C*04:07,C*04:38,C*04:70, 

C*07:57,C*14:03 

Klebsiella pneumoniae 

subsp. pneumoniae  

MGH 78578 

7 

 WQQQSY 

A*24:91,A*24:95,A*36:01, 

B*15:90,B*18:26,B*41:02P, 

B*44:46,B*44:59P,B*48:08 

Homo sapiens 7 

 HTGEKPYK 
A*01:01P,A*29:02P,A*36:01, 

B*57:01P 
Homo sapiens 7 

 IHTGEKPY 
A*29:10,A*36:01, 

B*35:64P,B*56:03 
Homo sapiens 6 

 RTHTGEK 
A*03:01P,A*29:02P, 

A*29:10,A*36:01 
Homo sapiens 5 

 VVGAVGV A*02:91,A*69:01 Homo sapiens 5 

 IHTGERPY A*36:01,B*35:01P,B*56:03 Homo sapiens 5 

HNSC SAPATGGV 
A*69:01,B*07:33P, 

B*07:65,C*03:04P 
Homo sapiens 4 

SKCM IGDFGLAT 
C*01:08,C*03:04P,C*03:55, 

C*03:64P,C*08:03P,C*17:01P 
Homo sapiens 8 

 FGSVFLF 

A*02:65P,A*26:08,A*34:01P, 

B*46:06,B*51:42,B*57:01P, 

C*03:40P,C*16:01P,C*16:15P 

Vaccinia virus 6 

 KTAENFCA 

A*02:01P,A*36:01,B*46:06, 

B*67:01P,C*01:14,C*03:04P, 

C*07:56P,C*16:01P 

Trypanosoma cruzi  

strain CL Brener 
5 

 MAYDCYV 
A*32:17,A*69:01,B*52:14, 

C*03:02P,C*07:56P,C*16:15P 
Necator americanus 5 

LUAD VVGAVGV 
A*03:01P,A*03:77, A*30:08, 

A*34:02P, A*69:01 
Homo sapiens 7 

COAD VVGAVGV 
A*03:18,A*03:77,A*30:08, 

A*68:08P,A*69:01 
Homo sapiens 11 
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B. Neoantigen load as prognostic marker for different carcinomas 

To determine whether neoantigen can be used to a prognostic marker for 

each carcinoma, survival analysis was performed by applying Kaplan-

Meier with clinical data provided by TCGA. For the analysis, the 

mutation burden was calculated using non-synonymous mutation 

(NSMs), which is generally used in clinical practice for prognosis 

prediction. In the case of neoantigen, the burden was calculated with 

neoantigens classified as more the medium level. In addition, the values 

of mean and median were used to set the threshold for the burden for 

distinguishing into over and under groups, and the quartile was used for 

distinguishing burden into three groups—less than 25% as the lower 

group, more than 75% as the upper group and between 25–75% as the 

middle group. Overall survival was assessed by the each group as shown 

in Figure 21–Figure 26. There were significant differences between 

groups using NSMs burden in TCGA-BRCA, UCEC and SKCM, and 

using neoantigens burden in TCGA-UCEC and SKCM. Especially, 

TCGA-UCEC showed significant improvements in the prediction of 

prognosis by quartile categories of neoantigens burden (Figure 22F).  

Except for the above results, survival analysis using the neoantigen was 

not significant for other carcinoma. This is probably depending on the 

degree of dispersion as shown in Figure 7, the standard deviations (SD) 

for neoantigen of TCGA-UCEC and SKCM are 336.49 and 80.40 

whereas the SDs for other carcinomas are in the range of 18.61 to 51.49. 

Therefore, it is difficult to use the burden of neoantigen or mutation as 

a prognostic marker in all cancers, and the limited use for certain types 

of cancer is required. 
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Figure 21. Kaplan-Meier estimation of overall survival in TCGA-BRCA (A) 

according to the mean of NSMs burden, (B) the mean of neoantigens burden, (C) the 

median of NSMs burden, (D) the median of neoantigens burden, (E) the quartile of NSMs 

burden, (F) the quartile of neoantigens burden, and (G) the existence of neoantigens. 
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Figure 22. Kaplan-Meier estimation of overall survival in TCGA-UCEC (A) 

according to the mean of NSMs burden, (B) the mean of neoantigens burden, (C) the 

median of NSMs burden, (D) the median of neoantigens burden, (E) the quartile of NSMs 

burden, (F) the quartile of neoantigens burden, and (G) the existence of neoantigens. 
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Figure 23. Kaplan-Meier estimation of overall survival in TCGA-HNSC (A) 

according to the mean of NSMs burden, (B) the mean of neoantigens burden, (C) the 

median of NSMs burden, (D) the median of neoantigens burden, (E) the quartile of NSMs 

burden, (F) the quartile of neoantigens burden, and (G) the existence of neoantigens. 
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Figure 24. Kaplan-Meier estimation of overall survival in TCGA-SKCM (A) 

according to the mean of NSMs burden, (B) the mean of neoantigens burden, (C) the 

median of NSMs burden, (D) the median of neoantigens burden, (E) the quartile of NSMs 

burden, (F) the quartile of neoantigens burden, and (G) the existence of neoantigens. 
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Figure 25. Kaplan-Meier estimation of overall survival in TCGA-LUAD (A) 

according to the mean of NSMs burden, (B) the mean of neoantigens burden, (C) the 

median of NSMs burden, (D) the median of neoantigens burden, (E) the quartile of NSMs 

burden, (F) the quartile of neoantigens burden, and (G) the existence of neoantigens. 
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Figure 26. Kaplan-Meier estimation of overall survival in TCGA-COAD (A) 

according to the mean of NSMs burden, (B) the mean of neoantigens burden, (C) the 

median of NSMs burden, (D) the median of neoantigens burden, (E) the quartile of NSMs 

burden, (F) the quartile of neoantigens burden, and (G) the existence of neoantigens. 
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C. Clonality of neoantigen as prognostic marker for different 

carcinomas 

The median values of the clonal neoantigen for each tumor tissue listed 

in Table 1 were 0, 5, 1, 5, 2, 3, and mean values were followed by 1.52, 

38.46, 3.10, 18.02, 7.27, 7.80. Pearson’s r for association between 

burdens of clonal neoantigen and neoantigen ranged from 0.52 to 0.81 

depending on carcinomas, and TCGA-BRCA, HNSC and LUAD were 

shown the particularly low median for the ratio of clonal neoantigen to 

neoantigens (Figure 27). Based on the ratio distribution of clonal 

neoantigen, the three tumor types with a lower proportion of clonal 

neoantigen were expected to be more heterogeneous in comparison to 

the other three tumors, and it was confirmed with consistent results in 

other studies.129,130 

With regard to gene-based shared clonal neoantigen, the clonal 

neoantigens were repeatedly identified in 40–100% of the top 5 genes 

in which the neoantigen were frequently identified (Table 8). In the case 

of TP53, it was identified outside of the top 5 in neoantigen-recurrent 

genes of the TCGA-UCEC, but it was found in the top 5 in the clonal 

neoantigen-recurrent genes. Although their genomic position did not 

share the same coordinate in each tumor (Table 9), highly qualified 

neoantigens from TP53 mutations in distinct regions were recurrently 

identified in all carcinomas except TCGA-SKCM (Table 10). A recent 

study confirmed the T cell reactivity of six mutated TP53 neoantigens 

restricted by a few HLA alleles, and it is proved the potential use of 

TP53 as shared neoantigen for immunotherapies.131 

To verify that the clonal neoantigen as a prognostic marker can show 

better performance than the mutation or neoantigen, survival analysis 
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was performed (Figure 28–Figure 33). The threshold was applied 

equally as in previous survival analysis, but the performance was worse 

than the burden of mutation or neoantigen in all carcinomas except 

TCGA-BRCA (Figure 28, p=0.0041 vs. p=0.0044 of quartile in 

mutation burden). It seems TCGA-BRCA has a favorable prognosis 

when there is a clonal neoantigen because it has the non-neoantigen 

characteristic in most of samples (N=474, 51%), unlike other 

carcinomas (N=52–200, 13–42%) as shown in zero median. In addition, 

survival analysis on clonal neoantigen ratio showed significantly 

different outcome for the patients of only the three heterogeneous tumor 

types (p=0.0038, 0.0026 in mean and trisection of TCGA-BRCA; 

p=0.04 in median of TCGA-HNSC; p=0.046 in mean with high 

qualified neoantigen of TCGA-LUAD; Figure 34). Samples with higher 

clonal neoantigen ratio had poor prognosis, and it suggests that tumor 

microenvironment with large amount of neoantigens in the early stage 

of tumor development caused immunoediting which potently suppresses 

the immune system to avoid immune surveillance. To inspect this, tumor 

immune microenvironment score was calculated for TCGA-LUAD, and 

it is confirmed that samples of ‘over’ group had significantly lower 

mean scores for the three mechanisms that prevented continuous T cell 

recognition of neoantigen (Table 11). It is determined that a patient with 

high proportion of clonal neoantigen in heterogeneous tumors appear to 

have unfavorable prognosis by excessive suppression of the immune 

system. 
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Figure 27. Characteristics of clonal neoantigens (A) Correlation between burdens of 

clonal neoantigens and total neoantigen in each tumor type. (B) Distribution of the ratio 

of clonal neoantigen to total neoantigen predicted above medium level. (C) Distribution 

of the ratio of clonal neoantigen to total neoantigen predicted high level in each tumor 

type. 
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Table 8. Top 5 genes that frequently produced clonal neoantigens in each carcinoma 

Tumor Gene 

Freq. 

Tumor Gene. 

Freq. 

No. % No. % 

BRCA TP53 32 3.43% SKCM TTN 30 6.49% 

 PIK3CA 15 1.61%  MUC16 21 4.55% 

 MT-ND5 9 0.97%  DNAH5 16 3.46% 

 MT-CO1 4 0.43%  CSMD1 14 3.03% 

 MT-ND2 4 0.43%  MXRA5 13 2.81% 

UCEC TP53 28 5.59% LUAD TP53 21 5.41% 

 PTEN 22 4.39%  RYR2 8 2.06% 

 TTN 19 3.79%  TTN 8 2.06% 

 PIK3CA 12 2.40%  USH2A 5 1.29% 

 TG 11 2.20%  MUC16 5 1.29% 

HNSC TP53 24 5.06% COAD TP53 24 6.90% 

 TTN 4 0.84%  KRAS 11 3.16% 

 ANK2 3 0.63%  MT-ND4 7 2.01% 

 HUWE1 3 0.63%  MT-ND1 6 1.72% 

 KDM6A 3 0.63%  ADCY6 4 1.15% 
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Table 9. List of shared clonal neoantigens predicted above medium level based on 

genomic position 

Tumor SNV Chr Position Frequency 

BRCA TP53 p.C135Y/F 17 7675208 7 

 PIK3CA p.E545K 3 179218303 7 

 TP53 p.K132N 17 7675216 5 

UCEC CTNNB1 p.S37C/F 3 41224622 8 

 PTEN p.R130L/Q 10 87933148 7 

 TP53 p.C141Y 17 7675190 7 

 TENM3 p.V317I 4 182628850 6 

 POLE p.V411L 12 132673703 6 

 ADGRB2 p.S1157P 1 31733127 5 

 CEBPZ p.E20K 2 37199762 5 

 KCNK9 p.A87V 8 139702733 5 

 TRPM3 p.S345L 9 70784219 5 

 LTB4R p.A103T 14 24315958 5 

 TMEM205 p.V29M 19 11345535 5 

 ZNF304 p.L53V 19 57353848 5 

 CPT1B p.S191Y 22 50576325 5 

HNSC ATAD2B p.E891D 2 23788615 4 

 TDP1 p.P545L 14 90019408 4 

 TP53 p.R110L 17 7676040 4 
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SKCM NRAS p.Q61L/R 1 114713908 9 

 BRAF p.V600M 7 140753337 7 

 TRRAP p.S722F 7 98912179 6 

 SLC26A6 p.S160F 3 48632351 5 

 TMEM144 p.G72S 4 158215295 5 

 CPXM2 p.D596N 10 123757344 5 

 ATP9B p.T1108I 18 79377262 5 

LUAD KRAS p.G12D/V/A 12 25245350 5 

COAD KRAS p.G12V/A 12 25245350 14 

 ERBB2 p.V777L 17 39724747 6 

 CTSC p.N244S 11 88300556 5 
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Table 10. List of shared clonal neoantigens predicted high level based on genomic 

position 

Tumor SNV Chr Position Frequency 

BRCA TP53 p.C135Y/F 17 7675208 7 

 TP53 p.K132N 17 7675216 5 

UCEC CTNNB1 p.S37C/F 3 41224622 7 

 TP53 p.C141Y 17 7675190 7 

 CPT1B p.S191Y 22 50576325 5 

HNSC TP53 p.R110L 17 7676040 4 

SKCM NRAS p.Q61L/R 1 114713908 4 

 CEACAM5 p.S599F 19 41720946 4 

LUAD KRAS p.G12D/V/A 12 25245350 4 

COAD KRAS p.G12V/A 12 25245350 9 

 CTSC p.N244S 11 88300556 5 

 ERBB2 p.V777L 17 39724747 5 
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Figure 28. Kaplan-Meier estimation of overall survival in TCGA-BRCA (A) 

according to the mean, (B) the median, (C) the quartile, and (D) the existence of clonal 

neoantigens burden. 
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Figure 29. Kaplan-Meier estimation of overall survival in TCGA-UCEC (A) 

according to the mean, (B) the median, (C) the quartile, and (D) the existence of clonal 

neoantigens burden. 
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Figure 30. Kaplan-Meier estimation of overall survival in TCGA-HNSC (A) 

according to the mean, (B) the median, (C) the quartile, and (D) the existence of clonal 

neoantigens burden. 
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Figure 31. Kaplan-Meier estimation of overall survival in TCGA-SKCM (A) 

according to the mean, (B) the median, (C) the quartile, and (D) the existence of clonal 

neoantigens burden. 
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Figure 32. Kaplan-Meier estimation of overall survival in TCGA-LUAD (A) 

according to the mean, (B) the median, (C) the quartile, and (D) the existence of clonal 

neoantigens burden. 
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Figure 33. Kaplan-Meier estimation of overall survival in TCGA-COAD (A) 

according to the mean, (B) the median, (C) the quartile, and (D) the existence of clonal 

neoantigens burden. 
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Figure 34. Kaplan-Meier estimation of overall survival by the ratio of clonal 

neoantigens in each tumor types 



82 

Table 11. Tumor immune microenvironment score of TCGA-LUAD 

Mechanism P FDR 
mean of 

over group 

mean of 

under group 

APCs dysfunction 0.99 0.99 363.65 363.18 

targetless T-cell 0.99 0.99 4.87 4.87 

mediator 0.27 0.40 -16956.26 -17579.18 

defective APM 4.09.E-06 1.08.E-05 61.74 68.52 

tolerance 3.75.E-09 2.25.E-08 -636.02 -339.33 

regulatory cells 5.38.E-06 1.08.E-05 1902.22 3103.37 
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5. Application to clinical dataset 

A. Neoantigen load as predictive marker in immune checkpoint 

inhibitor-treated dataset 

The characteristics of neoantigen associated with ICIs were investigated 

using two independent clinical data on patients treated with immune 

check point inhibitors (ICIs). The data consisted of pre-treatment 

sequencing data with 27 of responder (R) and 63 of non-responder (NR) 

melanoma patients and a total of 243 metastatic urothelial carcinoma 

(mUC) patients (R 53, NR 162, N/A 28) treated with ICIs.  

The median of missense mutation for melanoma and mUC was 208, 195 

and the mean was 546.81 and 267.67, respectively. For the neoantigen, 

the median was 56.5 and 54, and the mean was 186.81 and 69.30. As 

shown in Figure 35, the distribution of neoantigen burden in the mUC 

were aggregated at the median value (SD=56.46) while the distribution 

of neoantigen burden in the melanoma widely spread out (SD=732.44). 

For neoantigen burden according to missense mutation, Pearson’s 

correlation coefficient showed very strong relationship in melanoma 

(Pearson’s r=0.99) and weak relationship in mUC (Pearson’s r=0.42, 

Figure 35). In the case of melanoma data, the patient have been selected 

for ICI treatment, thus the correlation coefficient (denoted by r) appears 

to be measured a stronger association than TCGA-SKCM due to the 

sample selection bias. On the other hand, in the case of mUC, the value 

of r is similar to that of TCGA because the patient was randomly 

selected through blind recruitment. Using the neoantigens predicted 

from clinical dataset, shared neoantigens were investigated based on 

gene, position and pattern in association with response to ICIs. 

  



84 

 

 

  

Figure 35. The distribution pattern of neoantigen and mutation burden. (A) Orange 

and blue bars show the burden of putative neoantigens and somatic point mutations in 

each tumor type. It is sorted from the left according to the number of neoantigens. (B) 

Distribution of log-transformed count for non-synonymous mutations (left) and missense 

(right) and (C) log-transformed count for neoantigens predicted above medium level (left) 

and high level (right) in each tumor type. 
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(1) Gene-based shared neoantigen 

Compared with the samples of TCGA-SKCM, the ICI-treated melanoma 

samples showed similar results about 50–60% for genomic landscape 

(Figure 36). Neoantigens were repeatedly identified in approximately 50% 

of the top 10 highly mutated genes, including blacklist. Although the 

correlation between burdens of missense and neoantigen in the ICI-

treated melanoma samples was stronger than that of TCGA-SKCM, 

occurrence pattern of neoantigen was similar to TCGA-SKCM. The 

reason may be that there is no correlation between neoantigen load and 

occurrence. In addition, to investigate the correlation of neoantigen with 

ICI response, Fisher’s exact test was performed in top 5 significantly 

mutated genes (in the bottom of the Figure 36) and top 10 genes that 

repeatedly produced neoantigens. The result showed that the BRAF 

mutation and the five neoantigen-recurrent genes—TTN, ANK3, TNXB, 

PCLO and DNAH7 are associated with favorable response to ICIs (Table 

12).  

In the ICI-treated mUC samples, the top 10 neoantigen-recurrent genes 

were identified as Figure 37C, and 60% of the top10 highly mutated 

genes including blacklist was identified as neoantigen-recurrent gene. 

TTN, which was identified as a potential gene-based shared neoantigen 

in analysis of TCGA dataset, has also been identified in mUC samples. 

The associations between the ICIs response and the genes were 

significantly high in only the PIK3CA mutation, but low in neoantigen-

recurrent genes (Table 12). 
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Figure 36. Genomic landscape of mutations and neoantigens in melanoma patients. 

(A) The top 10 genes that recurrently mutated across samples in the tumor excluding 

blacklist genes. (B) The top 10 genes that recurrently mutated across samples in the tumor 

including blacklist genes. (C) The top 10 genes that were predicted recurrently 

neoantigens across samples in the tumor. 
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Figure 37. Genomic landscape of mutations and neoantigens in metastatic urothelial 

carcinoma. (A) The top 10 genes that recurrently mutated across samples in the tumor 

excluding blacklist genes. (B) The top 10 genes that recurrently mutated across samples 

in the tumor including blacklist genes. (C) The top 10 genes that were predicted 

recurrently neoantigens across samples in the tumor. 
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Table 12. Association between the gene and favorable response to ICIs 

 Melanoma Urothelial carcinoma 

gene p-val gene p-val 

highly  

significant gene 
BCLAF1 0.66 CDKN1A 0.23 

BRAF 0.02 FGFR3 0.30 

CDKN2A 0.63 MLL2 N/A 

NRAS 1.00 PIK3CA 0.04 

TP53 0.06 TP53 0.38 

Top 10  

of gene-based 

shared neoantigen 

TTN 2.E-05 MUC16 0.48 

MUC16 0.09 TAS2R30 0.71 

ANK3 0.05 MUC3A 0.85 

MAGEC1 1.00 PABPC1 0.29 

TNXB 0.05 HLA.DRB5 1.00 

OBSCN 0.17 TTN 0.28 

PCLO 0.04 PRSS3 0.36 

DNAH5 0.08 KMT2C 1.00 

DNAH7 0.02 PAK2 0.63 

ZNF804A 0.08 LILRA1 0.21 
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(2) Position-based shared neoantigen 

Position-based shared neoantigens were identified according to the 

genomic position that appeared repeatedly within the gene. The results 

showed that there were no common areas between ICI-treated dataset 

(Figure 38), when using high level neoantigen (Table 13) or above-

medium level neoantigen (Table 14 and Figure 38). There were also no 

similar regions compared to potential position-based shared neoantigen 

identified in the TCGA dataset. Interestingly, in mUC samples, position-

based shared neoantigen was identified from a number of samples in 

various genomic regions, unlike other tumor types (right of Figure 38). 

This result was also detected in the putative neoantigen belong to high 

level. However, patient numbers involving each position-based shared 

neoantigen were not significantly different between responder and non-

responder of ICI in Fisher’s exact test (Table 14). 
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Figure 38. Frequency of neoantigen in whole chromosome position. Plots show 

frequency of neoantigen classified into above medium level in ICI-treated melanoma 

dataset (left) and in ICI-treated metastatic urothelial carcinoma (right). 
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Table 13. List of shared neoantigens predicted high level based on genomic position 

in ICI-treated dataset 

Tumor SNV Chr Position Freq. 

Melanoma BCL2A1 p.C19Y 15 79971064 6 

 HSPD1 p.G56E 2 197498682 6 

 HLA-C p.S140F 6 31271273 6 

 HLA-DRB1 p.Q125H 6 32581834 5 

 HLA-DQB1 p.V235I 6 32661416 5 

 HLA-DQB1 p.G157A 6 32662158 5 

Urothelial carcinoma 

TAS2R30 p.L202P 12 11133640 33 

KMT2C p.T820I 7 152247975 28 

 ESRRA p.R352P 11 64315749 24 

 ZNF658 p.I45V 9 66908355 19 

 AP3S1 p.P158L 5 115913381 18 

 SDHA p.S456L 5 236534 17 

 PABPC1 p.P414S 8 100709464 16 

 TAS2R30 p.T189I 12 11133679 16 

 SFTPA2 p.A29V 10 79559428 15 
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Table 14. List of shared neoantigens predicted above medium level based on genomic 

position in ICI-treated dataset 

Tumor SNV Chr Position Freq. p-val 

Melanoma HLA-DQA1 p.Q241R 6 32642718 8 0.17 

 BCL2A1 p.C19Y 15 79971064 8 0.55 

 HSPD1 p.G56E 2 197498682 7 0.67 

 HLA-C p.S140F 6 31271273 6 0.55 

 HLA-DRB1 p.Q125H 6 32581834 6 1.00 

 PABPC1 p.M573L 8 100705027 6 1.00 

 SRP9 p.I64M 1 225786912 5 1.00 

 MST1 p.T294S 3 49686448 5 0.63 

 HLA-DQB1 p.V235I 6 32661416 5 1.00 

 HLA-DQB1 p.G157A 6 32662158 5 0.55 

 CBWD5 p.T147A 9 65690975 5 0.55 

 BCL2A1 p.N39K 15 79971003 5 0.31 

Urothelial 

carcinoma 
KMT2C p.T820I 7 152247975 44 1.00 

TAS2R30 p.L202P 12 11133640 36 0.82 

 PABPC1 p.P414S 8 100709464 31 1.00 

 SDHA p.S456L 5 236534 30 0.57 

 ZNF658 p.I45V 9 66908355 30 0.77 

 ESRRA p.R352P 11 64315749 30 1.00 

 TAS2R30 p.T189I 12 11133679 25 0.77 

 CYP4F2 p.A483G 19 15878886 24 0.53 

 PAK2 p.Q101H 3 196803031 22 0.25 

 HLA-DRB5 p.P25R 6 32530151 22 1.00 

 USP8 p.N764K 15 50492758 22 1.00 
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(3) Pattern-based shared neoantigen 

The shared neoantigen based on sequence pattern was analyzed by two 

categories such as 9-mer sequence and sub-sequence. In this case, the 

frequency of the most repeated sequence appears to be lower than that 

of Table 14, because the peptide form of the neoantigen was modified 

into various form according to the expressed transcript isoform of each 

position and corresponding HLA allele. Therefore, in Table 14, which 

only applied position information, the result showed a larger count than 

that of pattern-based shared neoantigen (Table 15 and Table 16). 

For 9-mer sequence pattern, Table 15 shows the top 10 for 9-mer 

sequence pattern of neoantigen classified into above medium level in 

more than 5 samples. RIYTGEKPY peptide was identified in ICI-

treated melanoma samples, and it was also detected in TCGA-SKCM. 

In the between the ICI-treated datasets, there were no similar sequence 

pattern within top 10 frequent one. Also, the highly frequent 9-mer form 

of the neoantigen were not significantly associated with response of ICI 

treatment, as revealed by Fisher’s exact test (Table 15). 

The top 10 of sub-sequence pattern are shown in Table 16 using 

neoantigen above medium level which appears in more five samples. In 

the melanoma dataset, there was no sub-sequence peptide occurring in 

more than five patients. The highly frequent sub-sequence pattern in 

each ICI-treated dataset was a novel form which was not shown in six 

tumor types of TCGA. The associations between the sub-sequence 

patterns in Table 16 and response to ICIs were estimated by Fisher’s 

exact test. VLDVLR and GRASAL were significantly identified in 

response group than non-response group of mUC (p=0.05, respectively). 

It was also significant to 9-mer sequence pattern (HLA-B*07:02-
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restricted VVFGRASAL, HLA-A*29:02, A*29:01 and A*11:01-

restricted AVLDVLRFY) expanded from sub-sequence of the two cases 

(p=0.05, respectively). VVFGRASAL peptide, similar to epitope known 

as 'Mycobacterium tuberculosis H37Rv', and AVLDVLRFY peptide, 

similar to 'Mycobacterium sp. KMS', were detected in four samples 

consisting of one non-responder and three responders to ICI treatment. 

These results indicate that neoantigen is shared in a small number with 

various pattern due to transcript isoform and corresponding HLA allele 

not only across the different tumor types, but also in the same tumor 

type. In addition, the pattern-based shared neoantigen were found to 

have rare association with response to ICI treatment in both ICI-treated 

datasets. It has shown the necessary to attempt multiple neoantigen 

approaches rather than single neoantigen applications. 
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Table 15. Pattern-based shared neoantigen using 9-mer sequence in ICI-treated 

dataset 

Tumor Neoantigen HLA allele Epitope information Freq. P 

Melanoma FIIRGLRSV 

A*02:01,B*55:01,

C*01:02,C*02:02,

C*17:01 

Homo sapiens 7 0.18 

 RIYTGEKPY A*03:01,A*29:02 Homo sapiens 5 0.17 

mUC MPTTYISVI 

B*07:02,B*07:05,

B*08:01,B*14:01,

B*35:01,B*35:02,

B*51:01,B*53:01,

C*01:02,C*03:04 

Influenza A virus (A/Viet 

Nam/1203/2004(H5N1)), 

Influenza A virus 

(A/Thailand/4(SP-

528)/2004(H5N1)), 

Influenza A virus  

(A/Bar-headed 

Goose/Qinghai/61/05 

(H5N1)) 

25 1.00 

 FLLLICSPC A*02:01,A*02:04 Sabi mammarenavirus 23 0.25 

 MLANFVPLI 
A*02:01,A*32:01,

B*13:02 

Mycobacterium bovis BCG 

str. Pasteur 1173P2 
16 1.00 

 MVLSFPLAL 

B*08:01,B*15:17,

B*52:01,C*01:02,

C*02:02,C*12:02,

C*16:01 

Mycobacterium 

tuberculosis 
15 0.49 

 MVLSSRLAL 

A*32:01,B*07:02,

B*08:01,B*15:18,

B*35:01,B*35:02,

B*39:06,C*01:02,

C*02:02,C*03:04,

C*08:01,C*16:01 

Homo sapiens 14 0.75 

 IIYDWKFLM 
A*02:01,A*30:04,

B*15:17,C*07:01 

Mycobacterium 

tuberculosis 
13 0.74 

 FRLLHGSYL 
B*27:05,C*06:02,

C*07:01,C*07:02 
Rattus norvegicus 13 1.00 

 MLENYSHLV 

A*02:01,A*02:05,

A*69:01,C*06:02,

C*07:04 

Mus musculus 13 0.73 

 LLLICSPCK 
A*03:01,A*03:02,

A*30:01 
Sabi mammarenavirus 13 0.26 

 MPEHWARLL B*07:02,B*35:01 

Treponema pallidum 

subsp. pallidum  

(strain Chicago) 

13 0.46 
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Table 16. Pattern-based shared neoantigen using sub-sequence in ICI-treated 

dataset 

Tumor Sub-sequence HLA allele Epitope information Freq. P 

mUC 

PTTYISV 

B*07:02,B*07:05,

B*08:01,B*14:01,

B*35:01,B*35:02,

B*51:01,B*53:01,

C*01:02,C*03:04 

Influenza A virus  

(A/Viet Nam/1203 

/2004(H5N1)), 

Influenza A virus 

(A/Thailand/4(SP-528) 

/2004(H5N1)), 

Influenza A virus  

(A/Bar-headed 

Goose/Qinghai/61/05(H5N1)) 

25 1.00 

 LLLICSP A*02:01,A*02:04 Sabi mammarenavirus 23 0.25 

 MPEHWA 
A*02:01,A*31:01,

B*07:02,B*35:01 

Treponema pallidum subsp. 

pallidum (strain Chicago) 
21 0.25 

 LANFVPLI 
A*02:01,A*32:01,

B*13:02 

Mycobacterium bovis BCG  

str. Pasteur 1173P2 
16 1.00 

 PSDPLE 

A*01:01,A*02:01,

B*35:01,B*53:01,

C*15:02 

Bacillus anthracis 15 0.19 

 RLLHGSY 

A*02:01,B*27:05,

C*06:02,C*07:01,

C*07:02 

Rattus norvegicus 15 0.73 

 TLMVLS 

A*02:01,A*11:01,

A*11:02,A*32:01,

A*68:02,B*13:02 

Mycobacterium tuberculosis 14 1.00 

 VLSSRLAL 

A*32:01,B*07:02,

B*08:01,B*15:18,

B*35:01,B*35:02,

B*39:06,C*01:02,

C*02:02,C*03:04,

C*08:01,C*16:01 

Homo sapiens 14 0.75 

 WKFLM 
A*02:01,A*30:04,

B*15:17,C*07:01 
Mycobacterium tuberculosis 13 0.74 

 MLENYSHL 

A*02:01,A*02:05,

A*69:01,C*06:02,

C*07:04 

Mus musculus 13 0.73 

 

 



97 

B. Clonality of neoantigen as predictive marker in immune 

checkpoint inhibitor-treated dataset 

To examine the characteristics and association between clonality and 

ICI response, clonality analysis was applied to the predicted neoantigen 

in the ICI-treated dataset. The median value of clonal neoantigen was 

8.5, 5 and mean value is 55.57, 8.67 for ICI-treated melanoma and mUC 

dataset, respectively. In the melanoma dataset, the clonal neoantigen 

load of each sample was high and was strongly correlation with total 

neoantigen load in Pearson’s correlation analysis (left of Figure 39A). 

The ratio of clonal neoantigen was evenly distributed over 0.0 to 1.0 and 

spread out widely (blue plots of Figure 39B). In contrast, for mUC 

dataset, clonal neoantigen burden of each sample was very low and 

Pearson correlation coefficient was 0.45 (right of Figure 39A). The ratio 

distribution of clonal neoantigen indicated that clonal neoantigen was 

absent or present in a small proportion in many samples (green plots of 

Figure 39B). These results were a similar regardless of neoantigen 

prediction level. The associations with ICI response of clonal 

neoantigen burden and other mutation burden were calculated by 

independent t-test (Table 17). In the ICI-treated melanoma dataset, 

patients in response group showed significantly higher number of clonal 

neoantigen than non-responder (p=0.05 for above medium prediction 

level, p=0.04 for high prediction level). However, in the ICI-treated 

mUC, there was a significant difference in response to ICI treatment in 

all types of burdens except clonal neoantigen. The ratio of clonal 

neoantigen was not correlated with ICIs response in both datasets 

(p=0.41 for melanoma, p=0.78 for mUC). 

With regard to possibility of the shared clonal neoantigen in the clinical 

datasets, the clonal neoantigen was repeatedly produced from TTN in 
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melanoma and TP53 in mUC (Table 18). TTN was identified to have 

significant association with ICIs response in shared neoantigen analysis, 

and TP53 was found as the most frequent gene-based shared clonal 

neoantigen in the previous results of TCGA carcinomas. For position-

based shared clonal neoantigen, except TP53 variant, BRD2 p.S818F 

was only revealed as position-based shared clonal neoantigen found 

from more than five patients in mUC. Lastly, 9-mer patterns of 

KVDGKQVEL (in ICI-treated mUC) and RIYTGEKPY (in ICI-treated 

melanoma) were repeated in three patients for each tumor type. In the 

sub-sequence pattern, there was no pattern shown in three or more 

patients for each clinical data. These shared clonal neoantigens were not 

associated with ICIs response. 
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Figure 39. Characteristics of clonal neoantigens in clinical dataset. (A) Correlation 

between burdens of clonal neoantigens and total neoantigen in melanoma (left) and 

metastatic urothelial carcinoma (mUC, right). (B) Distribution of the ratio of clonal 

neoantigen to total neoantigen predicted above medium level (left) and high level in 

melanoma (blue plot) and mUC (green plot). 
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Table 17. Various types of burden as predictive marker for predicting response to 

ICI treatment 

 

Melanoma Urothelial carcinoma 

P 
mean 

in NR 

mean 

in R 
P 

mean 

in NR 

mean 

in R 

NSMs 0.17 408.33 1336.56 3.E-05 252.38 509.81 

Missense 0.17 367.00 1212.76 2.E-05 213.75 431.19 

Indels 0.46 9.07 10.48 0.05 14.44 29.91 

neoantigen 

(≥medium) 
0.19 84.92 424.56 4.E-03 60.12 94.92 

neoantigen (≥high) 0.20 53.43 246.44 3.E-03 29.84 48.26 

clonal neoantigen 

(≥medium) 
0.05 33.22 133.72 0.15 7.49 11.81 

clonal neoantigen 

(≥high) 
0.04 17.78 71.84 0.18 3.77 5.68 
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Table 18. Top 5 genes that frequently produced clonal neoantigens in ICI-treated 

dataset 

Tumor Gene 
Frequency 

No. % 

Melanoma TTN 16 17.78% 

 ANK3 9 10.00% 

 MAGEC1 8 8.89% 

 MUC16 8 8.89% 

 PCLO 8 8.89% 

Urothelial carcinoma TP53 8 3.29% 

 FGFR3 5 2.06% 

 OBSCN 5 2.06% 

 AHNAK2 4 1.65% 

 DIP2C 4 1.65% 
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IV. DISCUSSION 

 

In this study, Neopepsee, an efficient program, was developed for prediction of 

neoantigen from next-generation sequencing data. By integrating raw data of 

RNA-seq and a variant call file (VCF) of somatic mutation, Neopepsee predicts 

the expressed mutant peptide according to transcript isoform and corresponding 

HLA allele and classifies the potential neoantigen into three categories with 

regard to the predicted immunogenicity. For accurate neoantigen prediction, 

machine-learning classifiers were constructed to reduce a false positive. 

Compared with existing conventional methods such as IC50 and percentile rank, 

the performance was improved in sensitivity and especially about three fold in 

the specificity. Neopepsee can be used to facilitate discovery of potential targets 

for personalized anti-tumor immunotherapy.  

One of the ultimate goals of neoantigen prediction approache is to classify 

patients who will benefit from immunotherapy (e.g., anti-CTLA4 antibody or 

PD-1/PD-L1 blockade), or to design a personalized cancer vaccine. Recent 

studies showed that higher mutational burden was correlated with better anti-

tumor activity of CTLA4 or PD-1 blockade.23,62,132 Although the number of 

neopeptides generated by somatic mutation seemed to be important for predicting 

anti-tumor activity of immunotherapy, the criteria to identify neopeptides and the 

correlation were inconsistent across studies.62,133 Future studies identifying 

optimized selection criteria for neopeptides and further correlative analysis are 

warranted. Since most neoantigenic peptides are not identical between tumors,23 

cancer vaccines targeting neopeptides may not be a ‘universal’ solution that 

provides broad coverage to cancer patients. Nevertheless, Neopepsee will enable 

the efficient analysis of a personal somatic mutation profile and identification of 

potential neopeptides for personalized vaccination. 
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The shared neonatigens were identified in a few mutations that occur frequently 

in tumor by analysis of three categories. In TP53 and TTN genes, shared 

neoantigens were recurrently identified as individual peptide forms in patients 

with different mutations in diverse genomic loci. In the TTN gene as in studies131 

on TP53, it could be used for immunotherapy to construct a database through 

gene-wide screening for shared neoantigen, which is not repeated only in the 

specific region but occasionally recurrent in a wide area of the gene. In KRAS 

gene, HLA-restricted KRAS p.G12V was frequently found in patients of various 

tumors, even as clonal neoantigen. The mutation is known as no proper targeted 

therapy, thus, the patients with the KRAS-mutant tumors have only undergo 

conventional cancer treatment such as chemotherapy. However, by confirming 

that the KRAS mutation induce T-cell response in mouse models,128 

immunotherapy is expected to be effective for patients with the mutation in 

clinical trial. Shared neoantigens were also predicted as identical peptide form in 

patients with individual mutations on different genomic coordinates. Therefore, 

it should be analyzed in a form of peptide not a mutation in order to find shared 

neoantigen and construct a public neoantigen database.  

For clonal neoantigen as prognostic marker, clonal neoantigen load is not 

significant across the tumors but the ratio of clonal neoantigen in neoantigen 

burden is significantly associated with favorable prognosis of samples for 

heterogeneous tumors. Samples with higher clonal neoantigen ratio had poor 

prognosis, and the association with immunoediting was confirmed in TCGA-

LUAD. It may be useful as an effective prognostic marker after further validation 

in other carcinomas. As predictive marker for ICI treatment, clonal neoantigen 

burden is associated with response to ICIs in melanoma, but not in ratio of clonal 

neoantigen of melanoma and mUC. Owing to the diverse tumor immune 

microenvironment, application of clonal neoantigen as prognostic/predictive 

marker has been challenging problems. In future studies, systematic integration 
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of multiple features for tumor immune microenvironment into a unified workflow 

is urgently needed to improve the accuracy and to provide a sustainable 

framework that exploits the increased information. 
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V. CONCLUSION 

 

To date, several immunoinformatics tools have been developed for neoantigen 

prediction.35,36,51 The integration of these tools into a single workflow for clinical 

or translational applications that enable the processing of large-scale tumor NGS 

data has been urgently needed. Neopepsee is easily applicable without complex 

pre-processing of NGS data and exhibits better neopeptide prediction 

performance with improved precision and sensitivity compared to the 

conventional IC50 cut-offs of ≤ 50 or ≤ 500nM on independent validation tests.  

Neopepsee can be applied not only to identify putative neoantigens, but also to 

compare neoantigens with known immune epitopes. The analysis results can be 

used for subsequent prognostic/predictive biomarker discovery or to design 

antigens for cancer vaccines. 

In addition, neoantigens can be therapeutic targets, but it is hard to prescribe 

proper treatment without understanding of the individual’s tumor immune 

microenvironment (TIME) because of a different mechanism of action on each 

immunotherapy.91,93,109 Therefore, further works should be considered to 

understand and predict TIME as well as neoantigen for effective immunotherapy 

and are expected to enhance the efficacy of personalized immunotherapy for 

individual patient in clinical practice. 
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대규모 유전체 데이터에 기반한  

정밀 항암면역치료를 위한 신생항원 예측 방법 

 

<지도교수 김상우> 

 

연세대학교 대학원 의과학과 

 

김소라 

 

 

 

종양 특이적인 돌연변이는 신항원이라고 불리는 non-self 형태의 면역

원성 펩타이드(immunogenic peptide)를 생산하게 된다. 이러한 신항원은 

immune checkpoint inhibitor (ICI)와 같은 항암면역치료에서는 환자 반응

을 예측하기 위한 바이오마커로써 활용될 수 있고 cancer vaccine과 같

은 항암면역치료에서는 그 자체가 표적으로써 활용될 수 있다. 특히 

암에서 발생하는 돌연변이는 clonal evolution을 통한 intratumor 

heterogeneity를 바탕으로 전체 암 세포가 공유하고 있는 clonal mutation

과 일부 암 세포만이 공유하고 있는 sub-clonal mutation으로 구분할 수 

있는데 clonal mutation에서 유래된 clonal neoantigen을 활용할 경우 항암

면역치료 반응성 예측 바이오마커로써의 활용도나 치료 효과를 더 기
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대할 수 있다. 또한 대규모 분석을 통하여 많은 암 환자들이 공유하

는 것으로 알려진 일부 발암 돌연변이(oncogenic mutation) 중 여러 환

자들에게서 신항원으로 확인되는 ‘공유 신항원(shared neoantigen)’이 있

다면, 특정 암종 내에서 혹은 범암(pan-cancer)적인 활용성이 생길 수 

있다. 현재까지는 신항원을 예측하기 위하여 펩타이드와 주조직적합

성 복합체(major histocompatibility complex, MHC) 간의 결합력을 측정한 

IC50라는 값이 사용되고 있는데, 이를 활용할 경우 많은 수의 위양성

(false positive)들이 함께 나타난다.  

이를 극복하여 보다 정확하게 신항원을 예측하기 위해 머신 러닝 모

델을 기반으로 하는 Neopepsee를 개발하였다. Neopepsee는 RNA-seq 데

이터와 돌연변이 리스트를 입력으로 받아 발생 가능한 mutant peptide

를 예측하고 면역원성과 관련 있는 9개의 특성에 대한 점수를 자동으

로 계산하여 machine learning-based classifier를 통해 면역원성을 예측한

다. 해당 도구의 성능 검증을 위하여 기존에 활용되고 있는 IC50값과 

함께 모델 테스트용 데이터뿐만 아니라 임상에서 면역치료가 적용된 

흑색종(melanoma), 백혈병(leukemia) 데이터에도 적용하여 그 성능을 

평가하였다. 또한 TCGA에서 제공하는 대규모 암종 데이터에 

Neopepsee를 적용하여 예측된 신항원을 이용하여 신항원의 특성이 암

종별로 차이가 나타나는지 범암적으로 나타나는지를 확인하고 공유 

신항원의 존재 및 clonal neoantigen의 특성에 대해 조사하였다. 

그 결과 Neopepsee는 기존의 방법에 비하여 모델용 테스트 데이터뿐

만 아니라 실제 임상 데이터에서도 위양성 결과가 약 2배 이상 감소

하는 향상된 성능으로 확인되었다. 또한 이를 이용하여 대규모 암종

별 신항원 특성에 대해 조사한 결과, 다수의 암환자에게서 확인되는 

hotspot 혹은 driver gene 중 여러 샘플들의 다양한 HLA allele에서도 반
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복적으로 신항원으로 판명되는 공유 신항원 후보들이 다수 확인되었

다. PIK3CA p.E545K로부터 생성된 TKQEKDFLW 9-mer 시퀀스는 특히 

유방암과 두경부암 환자에게서 다수 확인되었고, 특히 KRAS p.G12V

에서 생성된 펩타이드는 clonal neoantigen으로도 확인되므로 항암면역

치료를 위한 중요한 표적 후보군으로써의 가능성이 확인되었다. 또한 

pattern-based 신항원 분석을 통해 다른 위치에서 발생한 서로 다른 돌

연변이에서도 동일한 펩타이드 형태의 신항원이 나타날 수 있음을 확

인하였다.  

신항원과 clonal neoantigen을 활용하여 예후 인자로써의 성능을 확인한 

결과, 자궁암에서는 neoantigen burden에 의해 유방암에서는 clonal 

neoantigen burden에 의해 구분된 overall survival에 유의한 차이가 나타

나는 것으로 확인되었다. 특히 clonal neoantigen의 비율을 활용하여 분

석한 결과에서는 각 암종별 tumor heterogeneity 예측 뿐만 아니라 기존 

분석에서 유의한 예후 예측 인자가 확인되지 않은 heterogeneous tumor 

type에서 유의한 수준으로 각 샘플별 예후가 나뉘어 지는 것이 확인

되었다.  

또한 ICI 항암면역치료를 적용한 흑색종 및 방광암 데이터를 이용하

여 신항원과 clonal neoantigen의 ICI 반응성 예측 인자로써의 성능을 

확인한 결과, 흑생종 데이터에서는 clonal neoantigen burden이 유의하게 

ICI 반응군에서 높게 나타났고, 방광암 데이터에서는 neoantigen burden 

혹은 non-synonymous mutation을 활용한 결과가 유의 수준 0.05 이하로 

확인되었다. 

본 연구를 통하여 개발된 Neopepsee는 기존의 방법에 비해 위양성 수

를 많이 낮춰줌으로써 보다 정확한 신항원을 예측할 뿐만 아니라 
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cancer vaccine 임상 데이터 적용 결과를 바탕으로 임상으로의 적용 가

능성도 확인할 수 있었다. 또한 신항원의 특성을 대규모 데이터를 통

해 조사한 결과, 암종 별로 차이가 크게 나타나므로 범용적인 활용 

보다 각 암종의 특성에 맞춰 선별적인 용도로써의 활용이 필요한 것

으로 확인되었다. 
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