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Abstract 

Over recent decades, efforts to explain the heritability of developing cancer have focused on 

identifying high-risk genes and common genetic variants. However, no studies considered 

genetic factors regulating tumor-specific immune responses. By developing a novel human 

leukocyte antigen (HLA) score, determined by autologous HLA allele-binding epitopes of 

tumor-specific antigens, we showed that individuals with HLA allele sets supporting broader 

tumor-specific T cell responses have lower risk of developing melanoma. The risk ratio between 

the highest risk and most protected groups was 5.69 comparing the top and bottom 20% of the 

HLA score distribution (p < 0.05). Similar results were obtained for other cancers, including 

non-small cell lung, renal, and bladder cancers, but not colorectal cancer. Our findings suggest 

that subjects with a low HLA score have an increased genetic risk of developing certain cancers. 

Introduction 

Tumor cells might develop in all humans, but the immune system can specifically identify and 

eliminate these cells in most people1,2. However, cancer cells that escape immune surveillance 

proliferate and develop into a tumor. Inherited genetic mutations and a family history increase 

the risk of developing cancer3; however, it is unknown exactly how family history influences 

cancer. Certain HLA alleles and haplotypes inherited from parents are associated with cancers, 

including melanoma4, lung cancer5, chronical lymphocytic leukemia6, nasopharyngeal 

carcinoma7, cervical cancer8, and ovarian cancer9. Most of these studies revealed only an 

increase or decrease in the frequency of the specific alleles in the disease population compared 

with a control population4,10, without proposing hypotheses regarding why such associations 

exist. Some other studies tried to find explanations5, suggesting that linkage disequilibrium (LD) 
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might be behind the association between HLA and cancer since HLA genes are in the most gene-

dense region of the genome with extensive LD. McGranahan et al.11 suggested that allele-

specific loss of heterozygosity (LOH) might be a mechanism through which tumors escape 

immune surveillance. Montesion et al 12 showed that LOH of HLA might be a method of 

immune evasion. Finally, Chowell et al.8 demonstrated that germline HLA genotype influences 

how T cells recognize tumor peptides and respond to checkpoint inhibitor immunotherapies and 

that LOH leads to decreased survival time. Previously, our group also showed that a patient’s 

HLA genotype is the main determinant of cancer vaccine response and T cell responses against 

multiple antigens expressed in the patient’s tumor favors tumor shrinkage.13,14 

In this study, we propose that associations between HLA genotype and cancer could rely 

on the antigen-binding abilities of HLA molecules. Our hypothesis is that HLA genotype 

represents an inherent cancer risk factor since all HLA alleles (HLA genotype) of a subject 

regulate immune responses capable of killing tumor cells (not only some specific alleles, as 

proposed earlier4-9). Specifically, subjects who inherit certain combinations of HLA alleles can 

mount broad T cell responses that eliminate tumor cells, whereas other HLA allele sets have poor 

immune defense against cancer. To eliminate tumor cells in the body, T cells of the immune 

system recognize processed tumor antigens, which are epitopes presented on the surface of tumor 

cells by autologous HLA molecules. Tumor antigens, including tumor-associated antigens and 

cancer testis antigens, are present in significantly greater amount in tumor cells than in normal 

cells15,16. We hypothesized that tumor antigens are immune-protective because cancer patients 

with spontaneous tumor antigen-specific T cell responses have a favorable clinical outcome17. In 

addition, spontaneous long-lasting immune responses against shared antigens including cancer 

testis antigens presented by premalignant precursor lesions (for example, DCIS, MGUS, colonic 
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polyps and bronchial neoplasia)  could be important for immune surveillance of cancer18. 

Healthy individuals who were previously infected by febrile viruses (e.g., mumps) or had acute 

inflammation (e.g., mastitis) generated immune response against Mucin 1 (MUC1). During 

infection, MUC1 is abnormally expressed and transiently changed to “tumor” form. The immune 

response induced by antigen overexpression reduced the lifetime risk of ovarian cancer19. 

The aim of this study was to demonstrate that HLA genotype represents a genetic risk or 

protective factor for the development of cancer. To distinguish between individuals with low and 

high cancer risk, we developed a predictor based on the HLA class I allele set (complete HLA 

genotype) of the individuals. 

Results 

HLA-genotype determines subjects’ anti-tumor immune responses 

We hypothesized, HLA genotypes determine different ability to mount anti-tumor immune 

responses potentially contributing to different risk of developing cancer. First, we investigated, 

how the complete HLA-genotype of each subject regulates anti-tumor immune responses. We 

used a group of melanoma subjects (n=19) with documented spontaneous CD8+ T cell responses 

against NYESO-1 tumor antigen. This cohort of NYESO-1 seropositive melanoma subjects were 

treated with ipilimumab in a clinical trial and their NYESO-1-specific CD8+ T cell responses 

were measured before/after treatment. Immunological data were published previously17. Since 

each human has six HLA class I alleles, we predicted epitopes of NYESO-1 protein for all six 

HLA class I alleles of each subject using the public Immune Epitope Database and Analysis 

Resource (IEDB) epitope prediction tool 20. Then, we grouped the resulting epitopes into six 

groups j = 1, 2, … 6, based on the number of alleles able to bind the same epitope (Figure 1A). 
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As expected, each melanoma patient presented several epitopes (range, 14–35) restricted to at 

least one allele (j = 1) and only few epitopes (range, 0-4) restricted to multiple (j > 2) alleles of 

their HLA-genotype. Interestingly, across the non-responder subjects (n=6) who did not mount 

any spontaneous immune response neither before nor after ipilimumab treatment17, only three 

epitopes were found as multi-HLA binders (Figure 1A). We tested how well these epitopes 

could distinguish CD8+ T cell responder (n=13) and non-responder subjects (n=6) by computing 

the area under the receiver operating characteristic curve (ROC-AUC, AUC) (Table 1).  

j = 1 was not able to efficiently identify melanoma subjects with or without NYESO-1-specific 

CD8+ T cell responses (AUC 0.46, Table 1). However, epitopes restricted to three autologous 

HLA class I alleles (j = 3) had better performance to distinguish between subjects with 

spontaneous immunity against NYESO-1 tumor antigen (AUC 0.77, Table 1 and Figure 1B).  

The drop-off in the AUC values when j = 6 could be explained by the fact that there are only a 

very limited number of epitope-HLA allele combinations where all the six HLA alleles of a 

subject can bind the epitope. The remarkable difference between the AUC values for the 

different scores based on j = 1 versus j > 1 suggest that presentation of an epitope by multiple 

HLA alleles (and not single ones) could play an important role in developing efficient anti-tumor 

immune response. This is in good agreement with the findings of Chowell et al reporting that 

HLA diversity is central for T cells killing tumor.8  

HLA-score is a risk or protective indicator of melanoma 

Next, we aimed to assess differences between the epitope binding ability of HLA alleles of 

cancer and control subjects to develop a scoring scheme that describes these differences. We 

selected a set of 48 tumor-specific antigens to study potential protective tumor-specific T cell 

responses since these 48 antigens are expressed in different tumor types and pre(malignant) 
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precursor lesions and also induce spontaneous T cell responses21,22. As above, we predicted 

HLA-restricted epitopes for all of the 48 antigens and the six HLA class I alleles of each subject. 

We considered several potential scoring schemes computed on a disjointed non-US training 

population (n = 5,789). To choose the best scoring scheme, we selected US melanoma subjects 

(n = 513) and a US control population (n = 1,400) and compared the potential scoring schemes 

using them. To eliminate the influence of geographic factors on HLA distribution, we compared 

individuals with and without cancer from the same geographic region. The potential scoring 

schemes differ in the minimum size of HLA allele sets binding to one particular epitope. For 

each size of HLA allele subsets (j = 1, 2,…6), we computed the significance scores for each 

allele based on how frequently it participates in HLA j-mers of the training subjects binding to a 

particular epitope (See Methods). Briefly, we considered the significance score positive if 

subjects with a given HLA allele had significantly more epitopes with HLA j-mers than subjects 

without the given HLA allele. The significance score was negative if the subjects with the given 

HLA allele had significantly less epitopes with HLA j-mers than the subjects without the given 

HLA allele. Then, for each subject, we summed the significance scores of his/her HLA alleles to 

obtain a value between 0 and 240. Next, we tested how well these summed scores could 

distinguish melanoma and control subjects by computing the ROC-AUC. As shown in Table 1, 

the best separation of the melanoma and control populations was achieved equally for j = 2 and j 

= 3, similarly as for the NYESO-specific immune responses. 

Based on the above concordant observations, we defined the HLA-score based on three 

autologous HLA class I allele-binding epitopes of 48 tumor antigens (j = 3) as an indicator of the 

breadth of the tumor-specific T cell responses of an individual. We used this HLA-score as the 
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immunogenetic predictor in all subsequent analyses for assessing cancer risks associated with 

HLA genotypes. 

As presented in Table 1 and Figure 1C, the AUC value (0.69) for comparing US melanoma and 

control subjects indicates significant separation between the two groups when using HLA-score. 

Indeed, the transformed z score was 12.57, which was highly significant (p < 0.001). These 

results demonstrate that a subjects’ HLA genotype influences the genetic risk for developing 

melanoma. However, this ROC-AUC value also suggests the absence of a single cause of 

discrimination (HLA allele set); therefore, other factors might also influence the development of 

melanoma (e.g., inherent and acquired mutations and/or environmental factors). 

Next, based on HLA-score, the control and melanoma populations were divided into five equal-

size subgroups based on their HLA-score (s); <34, 34 to <55, 55 to <76, 76 to <96, ≥96. The 

Relative Risk (RR) of each subgroup was computed (Figure 2). Subjects with the highest 

immunological risk of developing melanoma (6.1%) were in the lowest HLA-score subgroup 

(<34). Since the average risk of melanoma in the USA is 2.6%, a subject in the <34 subgroup has 

2.3-fold higher risk of melanoma than an average USA subject23. In contrast, the subgroup with 

the highest HLA-score (≥96) represents those with the lowest immunological risk of developing 

melanoma (1.1%); a subject in this subgroup has a 0.42-fold lower risk than an average subject 

in the USA. Although the sample size was too small to claim significant differences among 

subgroups, the difference between the first and the last subgroup was significant (p < 0.05). The 

average HLA-score of the subgroup of 19 melanoma subjects involved in the immune response 

correlation study was 63.1, correctly indicating their risk for cancer (data not shown). 

To further compare the most at-risk and most protected subgroups, we computed the risk 

ratio between these groups (RRextremities). The RRextremities for melanoma was 5.69, indicating that 
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subjects with an HLA-score <34 have an approximately six-fold higher risk of developing 

melanoma compared with those with an HLA-score higher than 96 (Table 2).  

Performance of the HLA-score as predictor of the risk for developing different types of cancer 

We determined the ROC curve, RR, and RRextremities for non-small cell lung, renal cell, colorectal, 

bladder, and head and neck cancers, as well as glioma using the same methods described for 

melanoma (Table 2). All these cancer populations have US background. The ROC-AUC values 

were significant for all cancer types, except for colorectal cancer (CRC). In a subsequent 

analysis, we compared Vietnamese CRC patients to a Vietnamese control population. Like the 

US colorectal cancer population, HLA-score did not separate Vietnamese CRC patients from a 

Vietnamese control population (AUC <0.53, RRextremities <2, data not shown).  

We obtained a RRextremities range of 2.35–5.69 for the studied cancer indications, 

suggesting different levels of immune protection against different types of cancer (Table 2). 

However, RRextremities >2 for all cancer indications demonstrate that HLA genotype represents a 

substantial genetic risk of developing cancer.  

HLA-score predictor correlates with incidence rate of melanoma 

To further demonstrate that HLA genotype influences the risk of developing cancer at the 

population level, we investigated its relationship with country-specific incidence rates. We 

hypothesized that the average HLA-score, i.e., the cancer-specific T cell responses of a 

population with a high incidence of melanoma, would be substantially lower than the HLA-score 

of a population with a low incidence rate. Therefore, we determined the HLA-scores for subjects 

that were representative for 59 different countries. Subjects in the Far East Asian and Pacific 

region had considerably higher HLA-scores (range, 75–140) and lower incidence rates (range, 
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0.4–3.4) than subjects of European or US origin (range, 50–90), whom have the highest 

incidence rates (range, 12.6–13.8) (Figure 3). Focusing on the US population, the incidence rate 

of 1.5 per 100,000 persons for both Taiwan and Asia-Pacific Islanders in the USA is 

significantly lower than for the general USA population (21.1 per 100,000 per year), confirming 

our results24.  

Incidence rates were available by country, while HLA genotype data were available by 

ethnicity. Therefore, we could obtain pairs of observations only for those countries that have a 

dominant ethnicity. We identified 20 countries with HLA genotype data from dominant 

ethnicities (shown in black on Figure 3), determined the mean HLA-scores, and compared them 

with the melanoma incidence rates. We found a significant correlation between the incidence 

rates of melanoma and average HLA-scores (Figure 4). The correlation coefficient R2 = 0.5005 

was highly significant (p < 0.001) with the given number of points (n = 20; degree of freedom, df 

= 18). The countries with low and high melanoma incidence rates were well separated by an 

apparent HLA-score threshold of >80, which is consistent with the threshold values separating 

low- and high-risk subjects in the US (HLA-score ≥96, Figure 2). 

These results suggest that the HLA genotypes of subjects influence the incidence rate of 

melanoma in different ethnic populations and consistently suggest that HLA-score could be used 

to determine the immunogenetic risk for melanoma. 

Discussion 

To distinguish among individuals with low and high immunological risk of developing cancer 

based on their HLA-genotype, we developed the HLA-score predictor. The HLA-score considers 

multiple HLAs (triplets) binding to the same epitope, characterizing an individuals’ ability to 
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elicit broad immune responses against tumor-specific antigens. Notably, we found that single-

HLA-restricted epitopes, while numerous in a person, are not able to generate antigen-specific 

immune responses, as detected in their PBMC. These results also demonstrate that state-of-art 

prediction of T cell responses with a single HLA-restricted epitope is highly overestimated (high 

false positive rates) and could explain the high clinical failure rates of vaccines that are matched 

to a single HLA allele in patients25-27 as well the low specificity of predicted high affinity HLA 

class I binding neoepitopes28-30. Multiple binding could be important to trigger activation of 

antigen-specific T cells above a certain threshold31,32. Multiple HLAs capable of presenting an 

epitope might also increase the probability of an immune response when the expression of some 

HLA class I genes is downregulated (e.g., by tumors)33. Furthermore, these results suggest that 

separation of cancer and control (healthy) subjects based on a single allele of their HLA 

genotype (as proposed by others) could be biased.  

HLA-score negatively correlates with the incidence of melanoma in different ethnic and 

geographic populations. The significant negative correlation between the incidence rates of 

melanoma and average HLA-score suggests that individuals capable of eliciting broader tumor-

specific T cell responses have a lower risk of developing melanoma. However, the HLA allele 

set is only one of the factors that affects the risk of developing melanoma. Other genetic and 

environmental factors—particularly sun exposure—also increase the risk of developing 

melanoma34,35. People with certain phenotypes like blond or red hair, blue eyes, and freckles are 

also at an increased risk of melanoma36. Therefore, it is not surprising that a binary classifier 

considering only the HLA allele sets of individuals does not perfectly separate melanoma 

patients from control subjects. Nevertheless, an AUC of 0.69 represents the remarkable 
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diagnostic value of the test. We conclude an HLA allele set that does not support broad tumor-

specific T cell responses increases the risk of developing melanoma. 

Preexisting immune responses against tumor antigens could eliminate cancer cells in 

various tumor types17,37. We showed that the HLA-score based on 48 tumor antigens (mostly 

cancer/testis antigens) is a general immunogenetic classifier for cancer risk. The 2.35–5.69 

RRextremities comparing the top and bottom 20% of the general population for different cancers is 

either comparable to or exceeds the 2.64 risk ratio of the top and bottom 5% of individuals 

carrying BRCA2 mutation as a risk factor for developing breast or ovarian cancer38,39. It is also 

comparable with the 3.6–6.4 lifetime relative risk for breast cancer when carrying a BRCA1 

mutation40-42. Preexisting immune responses have the highest influence in providing protection 

against melanoma and non-small cell lung cancer, indications where currently available 

immunotherapies have the highest response rates6,43. Indeed, Ipilimumab-treated, NYESO-1–

seropositive melanoma patients with associated CD8+ T cells experienced more frequent clinical 

benefit and significant survival advantage than those with undetectable CD8+ T-cell response.17 

Notably, our results suggest that the preexisting NYESO-1-specific CD8+ T cell responses of 

these patients, in turn, highly depend on their complete HLA-genotype. As these immune 

responses are seen in patients with established tumors, the assumption is that NY-ESO-1 

immunity by itself is insufficient to inhibit tumor growth and broader antitumor responses as 

determined by HLA-score are required to fight the cancer. Indeed, the HLA-score correctly 

indicated their risk for cancer. 

We also conclude that low AUC values for CRC in both US and Vietnamese populations 

suggest that the HLA genotype might not strongly influence the development of CRC. The 

incidence rate of CRC confirmed the results of the predictor, since the incidence of early-onset 
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CRC in less-developed regions, characterized by high HLA-score, is higher than the international 

average44.  

There are some limitations to the current study. The 48 tumor antigens are not expressed 

in all tumor tissues and it is irrelevant whether a T cell response is generated in a subject when 

the antigen is absent45. In addition, additional tumor antigens expressed in tumor cells are targets 

for the T cells that are capable of destroying the tumor. Further, tumor cells might escape 

immune surveillance in several ways, including loss of HLA expression46,47. Information on 

tumor antigen expression in HLA-genotyped individuals may improve this prediction method in 

subsequent analyses. As the number of HLA-genotyped subjects with documented spontaneous 

immunity against a tumor antigen is low (n=19), the correlation found between multi-HLA-

restricted epitopes and antigen-specific T cell responses could be biased. However, we 

previously made similar observations regarding CD8+ T cell responses generated by Synthetic 

Long Peptide Vaccine encoding HPV16/18 in patients with (pre)malignant cancers (n=25) in two 

clinical trials.13 There are also several types of errors that our method must handle, including 

prediction of HLA-presenting epitopes on the surface of tumor cells48. In addition, there might be 

mutations in the epitopes that change the binding affinity to HLAs, leading to false predictions1. 

We also assumed that the control cohort consisted of “healthy” subjects having a low risk of 

developing cancer, although this might not always be the case, and some predictions we marked 

as false positive might be true positive. Therefore, our estimation on the effectiveness of the 

HLA-score predictor is conservative and its true performance could be better than demonstrated 

here. To improve the performance characteristics of HLA-score prediction, an improved control 

population could be established with HLA genotyped elderly individuals who have not 

developed cancer. We have been developing a diagnostic tool that determines the HLA-score 



Miklos et al.  

 

 13 

from the complete four-digit HLA class I genotype of the individual; HLA genotyping is a 

validated test readily available for transplantation and paternity tests worldwide (e.g., LabCorp, 

Burlington, NC, USA). 

We showed here that HLA genotype affects a person’s risk of developing cancer through 

an immunological mechanism. HLA-score predictor can be used as biomarker to identify 

subjects with an increased immunological cancer risk. Genetic testing should include 

determining the subject’s HLA genotype and calculating the HLA-score to better assess 

hereditary risks of cancer. HLA-score could be combined with existing risk prediction models 

(e.g., QSkinMelanomaRisk49) to achieve more effective overall risk prediction. Early 

identification of subjects at high genetic risk may facilitate prevention of certain cancers like 

melanoma by avoiding sun exposure or lung cancer by avoiding smoking. Tumor antigens are 

also excellent targets of therapeutic cancer vaccines that induce tumor-specific T cell responses 

that can specifically attack and eliminate tumor cells22. Some of these vaccines could be used as 

prophylactic cancer vaccines in individuals with an increased risk of cancer to protect against or 

delay tumor development. 

Methods 

Source data 

HLA genotype of subjects in the training/control population 

A total of 7,189 eligible subjects for whom complete four-digit HLA genotypes were available 

were identified from the dbMHC database50, and the ethnicity of each subject was recorded. 

Because the HLA genotypes of subjects from different geographic regions vary considerably51, a 

United States (US) subpopulation (1,400 subjects) consisting of Caucasian, Hispanic, Asian-
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American, African-American, and native American subjects was selected as a control 

population; the HLA allele sets of this subgroup were compared with the HLA allele sets of 

geographically/ethnically matched cancer patients. The remaining 5,789 subjects were used as 

training set (Figure 5). 

HLA genotype of cancer patients 

Eligible patients had complete four-digit HLA class I genotype data available. Data from 513 

patients with melanoma were obtained from several sources. Data for 429 melanoma patients 

were obtained from three peer-reviewed publications.8,52,53 These patients were treated with anti-

CTLA-4 and/or PD-1/PD-L1 inhibitors at the Ludwig Center for Cancer Immunotherapy, Sloan–

Kettering Institute, New York (MSKCC) and high-resolution HLA class I genotyping was 

performed on normal DNA using DNA sequencing or clinically validated HLA typing assays 

(LabCorp)8. Subject lists were reviewed carefully to avoid duplicates from publications reporting 

overlapping populations. An additional 65 melanoma patients who had available specimens were 

kindly provided by Bristol-Myers-Squibb for retrospective HLA testing using NGS G group 

resolution (LabCorp, Burlington, NC, USA). These unresectable stage III or IV melanoma 

patients were treated in a phase 2 study (NCT00135408) or in a phase 3 study (NCT00094653) 

with ipilimumab and other therapies.54,55 HLA data of the 19 melanoma patients who participated 

in the immune-response correlation experiment were kindly provided by Ludwig Center for 

Cancer Immunotherapy, Sloan–Kettering Institute, New York. NYESO-1-specific T cell 

responses were measured in the clinical trial by intracellular cytokine staining assay using 

NYESO-1 protein-derived overlapping peptide pools, as described in the source publication.17 

HLA genotype data from 370 patients with non-small cell lung cancer, 129 with renal cell 

carcinoma, 87 with bladder cancer, 82 with glioma, and 58 with head and neck cancer subjects 
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were collected from a peer-reviewed publication8. Blood samples of 211 patients with CRC were 

provided by Asterand Bioscience, Cambridge, MA, USA, from which four-digit HLA genotypes 

were obtained using Next Generation Sequencing (NGS) G group resolution by LabCorp 

(Burlington, NC, USA).  

HLA allele-restricted epitope prediction 

We selected a set of 48 antigens from the public CT database56,57 and other sources58-60: SPAG9, 

AKAP4, BORIS, Survivin, MAGE-A1, PRAME, CT45, NY-SAR-35, FSIP1, HOM-TES-85, 

NY-BR-1, MAGE-A9, SCP-1, MAGE-A12, MAGE-A10, GATA-3, GAGE-7, SSX-4, 

SPANXC, CT46, MAGE-A3, MAGE-C2, TSP50, EpCAM, CAGE, MAGE-A8, FBXO39, 

PAGE-4, MAGE-A6, BAGE-4, MAGE-C1, NY-ESO-1, MAGE-A2, XAGE-1, MAGE-A11, 

SSX-2, LAGE-1, MAGE-A4, MAGE-A5, MAGE-B2, MAGE-B1, HAGE, SSX-1, NXF2, 

SAGE, LEMD1, OY-TES-1, LDHC. It was previously demonstrated that these tumor antigens 

are expressed in different tumor types and induce spontaneous T -cell responses21. The amino 

acid sequence data of these antigens were obtained from UniProt61. We predicted epitopes of 

these tumor antigens for all six HLA class I alleles of each subject using the public Immune 

Epitope Database and Analysis Resource (IEDB) epitope prediction tool (IEDB)20. The input 

was the complete HLA genotype for HLA Class I loci and the amino acid sequences of the 

antigens. The antigens were scanned with overlapping 9-mer peptides to identify epitopes that 

bind to the subject’s HLA class I alleles. 

Novel immunogenetic predictor: HLA-score 

A person has six HLA class I allele defined in its HLA-genotype. We first set up a parametrized 

scoring scheme in which the parameter j denoted the minimum number of HLA alleles binding 

to one particular epitope that is considered to contribute to the score of a subject (we denote this 
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minimum number by j). For each size of HLA allele subsets  j = 1, 2, … 6, we set up a scoring 

system to score the subjects’ immune system regarding how well they can bind epitopes. Based 

on combinatorics, there are �𝑘𝑘𝑗𝑗� =  
𝑘𝑘!

(𝑘𝑘−𝑗𝑗)!𝑗𝑗!
  possible HLA allele j-mer combinations for a 

particular epitope, where k is the number of autologous HLA alleles that can bind the epitope. 

We used these numbers to set up a scoring system in the following way: 5,789 subjects in the 

training (non-US) population had 328 HLA class I alleles (Figure 5). We split the training 

population into two parts: those who have a certain HLA allele and those who do not have it. 

Then, we performed a two-sided u-test to determine whether the number of HLA allele j-mers is 

different in the two subsets. For each HLA allele (h), we defined a significance score as follows: 

𝑠𝑠(ℎ) ≔ 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(ℎ)max �0, log �0.05328� − log(𝑢𝑢(ℎ))�, 
where u(h) is the p-value of the u-test for allele h, sign(h) is +1 if the average number of HLA 

allele j-mers is larger in the subpopulation having the h allele than in the subpopulation not 

having h, and –1 otherwise. When this significance score was larger than 20 in absolute value, 

we truncated it to 20. 

The rationale for this significance score is the following: the score is 0 if there is no 

significant difference in the number of HLA allele j-sets in the two subgroups. The score is 

positive if the subjects having an HLA allele can produce significantly more HLA allele j-mers 

from 48 tumor antigens than those individuals who do not have that HLA (significant after 

Bonferroni correction). The more significant the difference, the larger the score. The score is 

negative if the difference is significant in the other direction. 
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We used these s(u) values to assign a score to each subject as the sum of the s(u) scores 

for the six HLA alleles of the subject plus 120 to avoid negative numbers. Therefore, the final 

score varies between 0 (worst score) and 240 (best score). 

Statistical analyses 

AUC under the ROC 

HLA-score is a novel binary classifier for determining the immunogenetic risk of developing 

cancer. We defined a particular HLA-score threshold value to predict that the subject has high 

immunogenetic risk of developing cancer. For each threshold, the true and false positive rates 

were computed to plot a ROC curve to illustrate the diagnostic ability of the HLA-score. The 

accuracy of the HLA-score predictor was determined by measuring the AUC under the ROC. 

When a binary classifier is perfect, then AUC = 1. The significance of the AUC can be tested 

after transformation to Mann-Whitney U statistics: 

𝑈𝑈 = 𝐴𝐴𝑈𝑈𝐴𝐴 ∗ 𝑠𝑠1 ∗ 𝑠𝑠2, 

where n1 and n2 are the number of samples in the two populations (control subjects vs. cancer 

patients). For such large sample sizes, the critical values are not given in the U tables; instead, 

the U statistics can be transformed into z statistics: 

𝑧𝑧 =  
𝑈𝑈 −  

𝑠𝑠1 ∗ 𝑠𝑠2
2�𝑠𝑠1 ∗ 𝑠𝑠2 ∗ (𝑠𝑠1 + 𝑠𝑠2 + 1)

12

 

Note that in this test, the H0 hypothesis is that the distribution of the scores behind the binary 

classifier is the same in the two datasets. 
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Relative risk (RR) 

For each cancer type indication, a general population was assembled in a way that the percentage 

of its cancer patients equals the percentage of cancer patients in the US population taking into 

consideration the lifetime risk. The lifetime risks of developing the different types of cancer were 

obtained from the American Cancer Society23. Unfortunately, the collected data do not contain 

gender information of the subjects. Because the lifetime risks of men and women differ, we took 

the harmonic mean to obtain the following risks: 1:38 for melanoma, 1:16 for lung cancer, 1:61 

for renal cell carcinoma, 1:23 for CRC, 1:41 for bladder cancer, 1:55 for head and neck cancer, 

and 1:161 for glioma. For example, to construct the general population for melanoma, we had 

38-times more subjects in the control population than in the group of melanoma patients. Since 

we did not want to remove subjects from the analysis, the prescribed ratios were achieved by 

appropriately weighting the subjects. 

We divided the general population into five equal-size subgroups based on HLA-scores. 

Each subgroup had HLA-score in a given range in order to obtain equally sized subgroups. The 

RR of these subgroups was defined as the percentage of the cancer subjects in the subpopulation 

divided by the lifetime risk of the cancer (i.e., the percentage of the cancer patients in the general 

population). A RR >1 indicates that subjects have a higher risk of developing cancer compared 

with subjects in the general population. To calculate the CIs, we assumed that the number of 

subjects with cancer in each cohort follows a binomial distribution. 

Risk ratio between the most at-risk and most protected groups (RRextremities) 

The RRextremities were calculated as the ratio between subgroups with the highest and lowest 

HLA-scores. The two subgroups contained the riskiest and the most protected 20% of the general 

population. 
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Bonferroni correction 

When multiple hypotheses are tested, the chance that the null hypothesis is incorrectly rejected in 

at least one case is increased. The Bonferroni correction compensates for that increase by testing 

each hypothesis at a changed significance level62-64. If m hypotheses are tested and the desired 

significance level is p, then the Bonferroni correction performs each test with significance level 𝑝𝑝𝑚𝑚. 

Incidence rate 

Incidence rates of melanoma, non-small cell lung cancer, renal cell carcinoma, CRC, bladder 

cancer, glioma, and head and neck cancer from 2008 to 2012 were published by the International 

Association of Cancer Registries65. Incidence rates presented here are age-standardized incidence 

rates by world standard population. These incident rates were compared to average HLA-scores.  
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Figures

 

Figure 1. HLA genotype predicts both cancer risk and anti-tumor immune responses. A: Multiple 

autologous HLA allele-binding epitopes of NYESO-1 predicted in 19 melanoma subjects. B: ROC curve 
for classifying melanoma subjects with spontaneous NYESO-1-specific immunity compared with no 

responders, based on their HLA genotype (AUC 0.77). Notes: NY-ESO-1 seropositive patients were 

treated with ipilimumab and NY-ESO-1-specific CD8+ T cell responses were measured pre- and post-

treatment using ICS in the clinical trial. Epitopes binding to one or two HLA alleles of a person (j = 1 or 

2) are shown with gray; j = 3 with black, and j= 4 with dark grey; j=5=6=0. Allocation of subjects to T 
cell responders and non-responders are maintained as published by Yuan et al.17 C: ROC curve for 

classifying melanoma patients compared to the control, general population based on HLA score 

immunogenetic predictor (AUC 0.69). 
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Figure 2. The relative risk (RR) of developing melanoma in five equal-sized subgroups. The HLA-

score ranges defining the subgroups are shown on the x-axis. Black bars indicate 95% confidence 

intervals. The difference between the first and last subgroups is significant (p < 0.05). 
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Figure 3. The mean HLA score in 59 different countries and ethnic populations. Ethnic groups that 

are the country’s dominant ethnicity are highlighted in black. The ethnicities are encoded on the x axis as 

follows: 1, Irish; 2, North America (Eu); 3, Czech; 4, Finnish; 5, Brazilian (Af, Eu); 6, Georgian; 7, Arab 

Druze; 8, Guarani-Kaiowa; 9, Ugandan; 10, North America (Hi); 11, New Delhi; 12, Bulgarian; 13, North 

America (Af); 14, Guarani-Nandewa; 15, Kurdish; 16, Israeli Jews; 17, Mexican; 18, Tamil; 19, Kenyan; 

20, Kenyan Lowlander; 21, Zambian; 22, Doggon; 23, Amerindian; 24, Shona; 25, Kenyan Highlander; 

26, Zulu; 27, Canoncito; 28, Tuva; 29, Saisiat; 30, Javanese Indonesian; 31, Filipino; 32, North America 

(As); 33, Cape York; 34, Malay; 35, Korean; 36, Thai; 37, Hakka; 38, Okinawan; 39, Chinese; 40, Groote 

Eylandt; 41, Minnan; 42, Ivatan; 43, Bari; 44, Kimberley (Australia); 45, Toroko; 46, Yuendumu; 47, 

Atayal; 48, Siraya; 49, American Samoa; 50, Yupik; 51, Pazeh; 52, Bunun; 53, Yami; 54, Tsou; 55, Ami; 

56, Thao; 57, Rukai; 58, Paiwan; and 59, Puyuma. Eu denotes European, non-Hispanic, Hs denotes 

Hispanic, Af means African, and As means Asian. 
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Figure 4. Correlation between the melanoma incidence rate and mean HLA scores in ethnic 

populations. The correlation is significant (p < 0.001, transformed t score is 4.25, df = 18). ASRW: age-

standardized rate by world standard population. 
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Figure 5. Study design. The 7,189 subjects in the dbMHC database were split into US (n = 1,400) and 

non-US (n = 5,789) subjects. The non-US subjects were used to train the HLA-score binary classifier, 

while the US control subjects were used for testing the method together with the US cancer subjects.  
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Tables 

Table 1. The area under the ROC curve (AUC) values computed for classifying melanoma 

subjects and subjects with spontaneous anti-tumor immunity using different HLA j-mer 

predictors. 

j-mer 
AUC for Melanoma 

(n=1,913) 

AUC for Immune Response 

(n=19) 

j=1 0.60 0.46 

j=2 0.69 0.31 

j=3 0.69 0.77 

j=4 0.68 0.62 

j=5 0.68 0.50 

j=6 0.61 0.50 
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Table 2. Immunological risk prediction in different cancer types. 

Cancer 

type 

Cohort 

Size 

RR RRextr

emities 

AUC p 

Risk Group* Protected Group* 

Melanoma 513 2.34 0.41 5.69 0.69 <0.001 

Lung 

(NSCLC) 
370 1.84 0.41 4.49 0.66 <0.001 

Renal cell 129 1.73 0.51 3.41 0.63 <0.001 

Colorectal 121 1.28 0.55 2.35 0.55 0.008 

Bladder 87 1.89 0.46 4.14 0.66 <0.001 

Glioma 82 1.83 0.48 3.81 0.63 <0.001 

Head and 

neck 
58 1.21 0.51 2.38 0.62 0.001 

*Risk Group, the 20% of the general population with the lowest HLA-score; Protected Group, 

the 20% of the general population with the highest HLA-score. Each cancer indication was 

classified against the same control population. RRextremities is the risk ratio of the most at-risk and 

most protected groups; AUC, area under the ROC curve. A Bonferroni-corrected p-value <0.007 

indicates significance. NSCLC: Non-small cell lung cancer. 
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Figure 1

HLA genotype predicts both cancer risk and anti-tumor immune responses. A: Multiple autologous HLA
allele-binding epitopes of NYESO-1 predicted in 19 melanoma subjects. B: ROC curve for classifying
melanoma subjects with spontaneous NYESO-1-speci�c immunity compared with no responders, based
on their HLA genotype (AUC 0.77). Notes: NY-ESO-1 seropositive patients were treated with ipilimumab
and NY-ESO-1-speci�c CD8+ T cell responses were measured pre- and post-treatment using ICS in the
clinical trial. Epitopes binding to one or two HLA alleles of a person (j = 1 or 2) are shown with gray; j = 3



with black, and j= 4 with dark grey; j=5=6=0. Allocation of subjects to T cell responders and non-
responders are maintained as published by Yuan et al.17 C: ROC curve for classifying melanoma patients
compared to the control, general population based on HLA score immunogenetic predictor (AUC 0.69).

Figure 2

The relative risk (RR) of developing melanoma in �ve equal-sized subgroups. The HLA-score ranges
de�ning the subgroups are shown on the x-axis. Black bars indicate 95% con�dence intervals. The
difference between the �rst and last subgroups is signi�cant (p < 0.05).

Figure 3



The mean HLA score in 59 different countries and ethnic populations. Ethnic groups that are the country’s
dominant ethnicity are highlighted in black. The ethnicities are encoded on the x axis as follows: 1, Irish;
2, North America (Eu); 3, Czech; 4, Finnish; 5, Brazilian (Af, Eu); 6, Georgian; 7, Arab Druze; 8, Guarani-
Kaiowa; 9, Ugandan; 10, North America (Hi); 11, New Delhi; 12, Bulgarian; 13, North America (Af); 14,
Guarani-Nandewa; 15, Kurdish; 16, Israeli Jews; 17, Mexican; 18, Tamil; 19, Kenyan; 20, Kenyan
Lowlander; 21, Zambian; 22, Doggon; 23, Amerindian; 24, Shona; 25, Kenyan Highlander; 26, Zulu; 27,
Canoncito; 28, Tuva; 29, Saisiat; 30, Javanese Indonesian; 31, Filipino; 32, North America (As); 33, Cape
York; 34, Malay; 35, Korean; 36, Thai; 37, Hakka; 38, Okinawan; 39, Chinese; 40, Groote Eylandt; 41,
Minnan; 42, Ivatan; 43, Bari; 44, Kimberley (Australia); 45, Toroko; 46, Yuendumu; 47, Atayal; 48, Siraya; 49,
American Samoa; 50, Yupik; 51, Pazeh; 52, Bunun; 53, Yami; 54, Tsou; 55, Ami; 56, Thao; 57, Rukai; 58,
Paiwan; and 59, Puyuma. Eu denotes European, non-Hispanic, Hs denotes Hispanic, Af means African,
and As means Asian.



Figure 4

Correlation between the melanoma incidence rate and mean HLA scores in ethnic populations. The
correlation is signi�cant (p < 0.001, transformed t score is 4.25, df = 18). ASRW: age-standardized rate by
world standard population.



Figure 5

Study design. The 7,189 subjects in the dbMHC database were split into US (n = 1,400) and non-US (n =
5,789) subjects. The non-US subjects were used to train the HLA-score binary classi�er, while the US
control subjects were used for testing the method together with the US cancer subjects.

Supplementary Files

This is a list of supplementary �les associated with this preprint. Click to download.

AppendixA.docx

https://assets.researchsquare.com/files/rs-244862/v1/27bb1e5b02032eff50d20949.docx

	Over recent decades, efforts to explain the heritability of developing cancer have focused on identifying high-risk genes and common genetic variants. However, no studies considered genetic factors regulating tumor-specific immune responses. By develo...
	HLA-genotype determines subjects’ anti-tumor immune responses
	HLA-score is a risk or protective indicator of melanoma
	Performance of the HLA-score as predictor of the risk for developing different types of cancer
	HLA-score predictor correlates with incidence rate of melanoma
	Source data
	HLA genotype of subjects in the training/control population
	HLA genotype of cancer patients
	Novel immunogenetic predictor: HLA-score

	Statistical analyses
	AUC under the ROC
	Relative risk (RR)
	Risk ratio between the most at-risk and most protected groups (RRextremities)
	Bonferroni correction
	Incidence rate



