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ABSTRACT 

The advent of next generation sequencing (NGS) technologies has changed the nature of 

human leukocyte antigen (HLA) research. Thanks to its increased sequencing throughput, 

NGS empowers high-accuracy HLA genotyping in clinical settings, disease association 

studies, and the development of potential future immunotherapeutics. Current NGS can 

be divided into two different approaches. Illumina’s technology with massively parallel 

sequencing produces a high number of short reads. Illumina provides highly accurate data 

with a minimal number of sequencing errors; however, the short reads can cause issues 

with alignment and phasing in HLA genotyping. In contrast, the long-read technologies, 

Oxford Nanopore Technologies (ONT) and Pacific Biosciences (PacBio), offer a single-

molecule sequencing approach enabling sequencing of ultra-long reads. However, these 

two suffer from higher error rates, making HLA genotyping potentially less accurate. 

Concurrently with the development of NGS applications, several bioinformatics software 

have been developed for assigning HLA alleles based on existing genomic and RNA 

sequencing (RNA-seq) data and for imputing HLA alleles using single-nucleotide 

polymorphism (SNP) markers. In addition to HLA genotyping, NGS provides a powerful 

tool for studying the expression of several HLA genes and alleles in multiple samples 

simultaneously, replacing more conventional methods such as quantitative PCR (qPCR) 

and microarray. At the beginning of this thesis, earlier studies had already identified 

associations between differential HLA gene- and allele-level expression and human 

diseases. However, an RNA-seq method providing accurate and multiplexed way to study 

HLA gene- and allele-specific expression was lacking.  

To study comprehensively HLA gene- and allele-specific expression in normal peripheral 

blood mononuclear cells (PBMCs), a highly multiplexed RNA-seq method for Illumina 

using unique molecular identifiers (UMIs) in expression quantification was developed in 

study I. The combination of a personalized HLA reference and an in-house pipeline, 

written in R, allowed an extensive comparison of HLA gene and allotype expression in 

PBMC samples of 50 individuals. The results showed that although the expression in 

HLA was clearly gene- and allele-specific, there was also variation within genes and 

alleles representing the differential expression between individuals. Additionally, study I 

revealed haplotype-specific expression of six common Finnish HLA haplotypes. 

Interestingly, two autoimmune haplotypes, which have been associated with e.g. celiac 

disease and type I diabetes, had very distinct expression levels suggesting that the level 

of haplotype expression alone is not the primary predisposing factor.  

In study II, a targeted RNA-based method was developed for HLA ONT sequencing. The 

method employed PCR-based enrichment and barcoding, enabling 10 samples and 

several HLA genes to be multiplexed and sequenced in a single sequencing run. By using 
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the MinION sequencer together with SpotOn flow cells, a sufficient number of reads per 

sample for HLA genotyping was generated. To achieve the best possible genotyping 

accuracy, only the higher quality 2D reads were included in the analysis. Despite the 

sequencing errors that ONT introduces during sequencing, the HLA genotyping results 

were obtained in 80% of HLA class I alleles and 95% of HLA class II alleles. 

Since HLA has a crucial role in immune surveillance and in the initiation of antitumor 

immune responses, the aim of study III was to investigate HLA expression in tumor 

samples acquired from a longitudinal high-grade serous ovarian cancer (HGSC) cohort. 

The sample material consisted of ovarian tumors and various intra-abdominal anatomical 

sites collected prior and after chemotherapy. In the inter-tissue analysis, differential 

expression levels in mainly non-classical HLA genes were found between distinct 

anatomical sites, indicating tissue-specific HLA expression levels. Additionally, the 

results in study III showed that in one of the anatomical sites, omentum, chemotherapy 

altered the expression of class II. Interestingly, the intra-patient analysis revealed that the 

allelic imbalance between two heterozygous alleles changed in the samples acquired from 

different tissues and treatment phases.  

To conclude, this thesis provides novel insights into gene- and allele-level HLA 

expression in different tissues. Additionally, it introduces new RNA-based methods for 

HLA genotyping and HLA expression quantification, which can be applied in future 

studies. Finally, it provides a comprehensive review of methods and bioinformatics tools 

designed for HLA allele-specific expression and the diseases associated with differential 

HLA allele expression. 
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TIIVISTELMÄ 

Uuden sukupolven sekvensointimenetelmät ovat muuttaneet HLA-tutkimuksen luonteen. 

Nämä korkean suoritustehon sekvensointimenetelmät mahdollistavat tänä päivänä 

tarkemman HLA-genotyypityksen, tautiassosiaatiotutkimukset sekä uusien 

immunoterapioiden kehittämisen. Uuden sukupolven sekvensointimenetelmät jaetaan 

tavallisesti kahteen luokkaan. Illuminan sekvensointiteknologia tarjoaa tarkemman 

sekvensointituloksen, mutta sen tuottamat lyhyet sekvensointifragmentit aiheuttavat 

linjausongelmia HLA-genotyypityksessä. Sen sijaan Oxford Nanopore - ja PacBio-

sekvensointiteknologiat mahdollistavat erittäin pitkien molekyylien sekvensoimisen 

yhtenä fragmenttina. Ne kuitenkin tuottavat enemmän sekvensointivirheitä, mikä voi 

huonontaa genotyypitystulosten tarkkuutta. Uusien sekvensointimenetelmien 

kehittymisen lisäksi myös uusien genomisen ja RNA-pohjaisen datan HLA-

genotyypitykseen sekä HLA-imputaatioon tarkoitettujen laskennallisten työkalujen 

määrä on kasvanut. Uuden sukupolven sekvensointimenetelmät tarjoavat myös 

tehokkaan työkalun useiden näytteiden HLA geeni- ja alleelitason ekspression 

samanaikaiseen määrittämiseen korvaten aiemman kvantitatiivisen PCR-menetelmän 

ekspression tutkimisessa. Ennen väitöskirjatutkimuksen aloittamista, aiemmissa 

tutkimuksissa oli jo saatu viitteitä HLA-geeni- ja alleeliekspression vaikutuksesta useissa 

eri taudeissa. Saatavilla ei kuitenkaan ollut RNA-sekvensointimenetelmää, joka olisi 

mahdollistanut tarkan HLA-geeni- ja alleelitason ekspression määrittämisen useista 

näytteistä samanaikaisesti. 

HLA geeni- ja alleelispesifisen ekspression tutkimisen mahdollistamiseksi veren 

mononukleaarisoluista, tutkimuksessa I kehitettiin useiden näytteiden samanaikaiseen 

sekvensointiin tarkoitettu RNA-sekvensointimenetelmä, joka hyödyntää uniikkeja 

molekyylitunnisteita ekspression määrittämisessä. Näytekohtaisen HLA-referenssin 

käyttäminen yhdessä R-komentokieleen perustuvan analyysityökalun kanssa mahdollisti 

HLA geeni- ja alleelispesifisen ekspression vertaamisen ääreisveren 

mononukleaarisoluissa 50 verenluovuttajan välillä. Tutkimus I:n tulokset paljastivat, että 

vaikka ekspressiotaso eri HLA-geenien ja -alleelien välillä oli selvästi geeni- ja 

alleelispesifistä, ekspressioprofiileissa oli myös vaihtelua geenien ja alleelien sisällä 

indikoiden verenluovuttajien välisiä eroja. Tutkimus I:n tulokset osoittivat myös HLA-

ekspression vaihtelevan kuuden suomalaisilla yleisen HLA-haplotyypin välillä. Kaksi 

aiemmin keliakiaan ja tyypin 1 diabetekseen yhdistettyä haplotyyppiä sijoittuivat 

ekspressiovertailussa kauimmaksi toisistaan. Näin ollen näyttäisi, ettei HLA-

haplotyyppien ekspressiotasot ole näille taudeille altistava tekijä. 

Tutkimuksessa II kehitettiin HLA-geeneille kohdennettu RNA-pohjainen menetelmä 

Oxford Nanopore-sekvensointialustalle. Menetelmässä HLA-geenit rikastettiin 
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komplementaarisesta DNA:sta PCR:n avulla. Monistettuihin HLA-molekyyleihin 

lisättiin näytekohtaiset tunnisteet, joka mahdollisti kymmenen näytteen ja useiden HLA-

geenien samanaikaisen sekvensoinnin yhdessä sekvensointiajossa. Sekvensointi 

MinION-laitteella ja SpotON-virtauskennoilla tuotti tyydyttävän määrän 

sekvenssifragementteja näytettä kohden. Mahdollisimman tarkan HLA-

genotyypitystuloksen varmistamiseksi tyypityksessä käytettiin ainoastaan Nanoporen 

korkeampilaatuisia 2D-sekvenssifragmentteja. Huolimatta Oxford Nanopore -

teknologian sekvensoinnin aikana tapahtuvista sekvensointivirheistä, HLA-tyypitystulos 

saatiin 80%.lla HLA:n luokka I -alleeleista ja 95%:lla luokka II -alleeleista.  

Koska HLA:lla on elintärkeä rooli immuunijärjestelmän monitoroimisessa ja anti-

tuumorivälitteisen vasteen aikaansaamisessa, haluttiin tutkimuksessa III tutkia 

syöpänäytteiden HLA-geenien ilmenemistä. Osatyössä III käytettiin näytemateriaalina 

huonosti erilaistuneeseen seroosiin munasarjasyöpään sairastuneiden potilaiden näytteitä, 

jotka olivat kerätty sekä munasarjakudoksesta että useista eri muista kiinteistä kudoksista 

sekä askites-nesteestä ennen ja jälkeen kemoterapian. Vertailu eri kudosten välillä paljasti 

HLA-ekspression vaihtelevan eri kudosten välillä ja näin ollen olevan kudosspesifiä. 

Lisäksi tulokset osoittivat kemoterapian muokkaavan HLA-ekspressiota tietyissä 

kudoksissa. Mielenkiintoinen tulos saatiin vertaamalla saman potilaan eri kudoksista ja 

hoitovaiheista otettujen näytteiden HLA:n alleelispesifistä ekspressiota kahden alleelin 

välillä heterotsygooteissa alleelipareissa. Tulokset paljastivat, että osalla potilaista 

ekspressiosuhde kahden HLA-alleelin välillä muuttuu kudosten ja hoitovaiheiden 

mukaan.   

Yhteenvetona voidaan todeta, että väitöskirja tarjoaa uusia näkökulmia kudoksen ja 

kemoterapian vaikutuksesta HLA:n geeni- ja alleelispesifiseen ekspressioon. Lisäksi 

väitöskirjassa esitellään uusia RNA-sekvenointiin perustuvia menetelmiä HLA-

genotyypitykseen ja HLA-ekspression määrittämiseen, joita voidaan hyödyntää tulevissa 

tutkimuksissa. Lopuksi väitöskirja tarjoaa kattavan katsauksen HLA:n alleelispefisen 

ekspression tutkimukseen käytettävistä menetelmistä ja analyysityökaluista sekä HLA-

ekspression ja sairauksien raportoiduista yhteyksistä. 
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1 INTRODUCTION 

The HLA segment located on chromosome 6p21 is genetically the most polymorphic 

region in the human genome. HLA molecules form a crucial part of the human immunity 

with their ability to present self, non-self and tumor antigens to T cells. HLA class I 

molecules, which are constitutively expressed in nearly all nucleated cells, present 

intracellular peptides to CD8 positive T cells.  HLA class II molecules present extra-

cellular peptides to CD4 positive T cells and class II expression is restricted to 

professional antigen presenting cells (APCs). Antigenic peptides are presented to T cells 

either to initiate the adaptive immune response or to prune self-reacting T cell clones 

during thymic maturation of T cells. Accurate high-resolution determination of alleles of 

these highly polymorphic genes is essential in organ transplantation and HSCT (1), 

autoimmune disease studies (2), pharmacogenomics (3,4), and tumor immunology (5,6).  

In the past decade, the rise of NGS methods has led to fundamental changes in the study 

of genomics (7). In HLA research, the massive increase in sequencing depth achieved 

with this high-throughput technology has enabled more accurate allele assignment at a 

high-resolution level (8). This has been especially useful in clinical laboratories 

performing HSCT matching. Additionally, NGS technologies have fueled the progress of 

bioinformatics leading to a rapid development of multiple HLA genotyping methods for 

genomic and RNA-seq data (9–18). Despite the undeniable benefits that NGS has brought 

to the field, ambiguous typing results due to the high genetic heterogeneity as well as 

sequence similarity in HLA alleles have remained the main challenge in HLA genotyping. 

Long-read technologies with the ability to sequence full-length HLA genes as single 

molecules have aroused interest as a means of resolving ambiguities (19).  

Although, the focus of genomic and RNA-based NGS technologies in HLA research has 

been mainly in HLA genotyping, there is an increasing body of evidence of the 

associations of HLA gene- and allele-level expression with viral infections (20,21), 

autoimmune diseases (22), cancer (23–27), and the outcome of HSCT (28–30). Compared 

to quantitative PCR (qPCR) methods, RNA-seq provides a more comprehensive and 

multiplexed means of studying the expression of several HLA genes and alleles 

simultaneously.  

This thesis analyzes the potential of the RNA-based NGS approaches in HLA genotyping 

and HLA expression quantification. Additionally, it introduces two novel sequencing 

methods employing Illumina and ONT technology and provides evidence of differential 

HLA expression at class-, gene-, and allele-level in PBMCs and various anatomical sites 

in HGSC patients. Finally, it reviews some available methods for HLA allele-specific 
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expression quantification as well as reported associations between differential allele 

expression and human diseases. 
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2 REVIEW OF THE LITERATURE  

2.1 The major histocompatibility complex 

The major histocompatibility complex (MHC) can be regarded as one of the most 

important regions in the human genome due to its critical role in encoding proteins crucial 

for both innate and adaptive immunity (31). Although the approximately 3.6 megabase-

span of MHC on chromosomal region 6p21.3 is only 0.13% of the human genome it has 

a dense gene clustering containing 0.5% of all 32 000 known protein coding genes (32). 

These immunity-relevant genes are important in antigen processing and presentation, the 

complement cascade, and regulation of  inflammation (33). Since more than 20 years ago, 

when the first genomic sequence map for MHC was published (34), MHC has been 

widely studied. In addition to its tasks in regulating immunity, MHC is involved in the 

development and plasticity of the central nervous system (35,36) and reproduction (37). 

The MHC has been associated with many diseases including multiple autoimmune 

diseases (38–47) and neurological and psychiatric disorders (48–52). However, the highly 

polymorphic nature of and strong linkage disequilibrium (LD) in MHC make it 

complicated to determine the exact gene or allele behind the disease association (53).  

In humans, MHC is called the HLA (human leukocyte antigen) system and it is divided 

into three regions. The class I region located at the telomeric end of MHC includes three 

highly polymorphic class I genes HLA-A, HLA-B, and HLA-C and non-classical class I 

genes HLA-E, HLA-F, and HLA-G with limited polymorphism (54). The class II region 

at the centromeric end of MHC contains the genes HLA-DRA, HLA-DRB1, HLA-DRB2, 

HLA-DRB3, HLA-DRB4, HLA-DRB5, HLA-DRB6, HLA-DRB7, HLA-DRB8, HLA-

DRB9, HLA-DQA1, HLA-DQA2, HLA-DQB1, HLA-DQB2, HLA-DPA1, and HLA-DPB1 

and less variable non-classical genes HLA-DMA, HLA-DMB, HLA-DOA, and HLA-DOB. 

The region III located between class I and II regions, however, does not contain any HLA 

genes but includes genes involved in inflammatory responses, the complement cascade, 

and leukocyte maturation (33,53). Figure 1 presents the structure of MHC region on 

chromosome 6. 

 

 

 



 

4 

 

 

Figure 1. A schematic representation of the MHC region on chromosome 6 and the HLA 

genes. The MHC region is located on the short arm of chromosome 6. The class I region contains 

class I genes HLA-A, -B, -C, -E, -F, and -G and the class II region genes HLA-DR, -DQ, -DO, -

DM, and -DP. In between class I and II regions, lies the HLA class III region.  

 

The hallmark of the HLA system is strong LD, which means that some HLA alleles co-

occur on haplotypes more often than could be expected by their allele frequencies  and 

that there is no segregation in the haplotype-associated HLA genes upon recombination 

(55,56). HLA haplotypes can be distinguished based on their combination of HLA class 

I, and class II alleles and class III genes (57). Due to the strong LD, alleles at neighboring 

loci on the same chromosome are inherited from parents to children as haplotype blocks 

(Figure 2). The evolutionarily most successful haplotypes have remained constant over 

long periods and show high frequencies in some populations and are sometimes called 

ancestral haplotypes (58). 
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Figure 2. Inheritance of HLA haplotypes. Each child inherits one HLA haplotype from each 

parent. Between two siblings, there is a 25% probability that they carry the same haplotype 

combination. Similarly, there is a 25% probability that these two siblings differ by both of the 

inherited haplotypes. Additionally, there is a 50% probability that the siblings share at least one 

of the inherited haplotypes. Adapted from (59,60) 

 

2.1.1 Classical HLA genes 

The classical HLA genes include HLA-A, HLA-B, and HLA-C from class I and HLA-DRA, 

HLA-DRB1, HLA-DRB2, HLA-DRB3, HLA-DRB4, HLA-DRB5, HLA-DRB6, HLA-

DRB7, HLA-DRB8, HLA-DRB9, HLA-DQA1, HLA-DQB1, HLA-DPA1, and HLA-DPB1 

from class II. They are extremely polymorphic and well characterized due to their 

important role in immune surveillance and antitumor immunity (32).  

HLA genes encode HLA proteins, which are presented on the cell surface. HLA class I 

molecules are heterotrimers consisting of a highly polymorphic a glycosylated 

transmembrane heavy chain (α chain), a non-polymorphic soluble subunit β2-

microglobulin (β2m), and a short peptide ligand (61) (Figure 3). HLA class I genes, HLA-

A, -B, and -C, encode the variable heavy chain, however, the β2m is encoded by B2M 

gene outside the MHC region on chromosome 15 (60). The α chain has three extracellular 

domains (α1, α2, and α3). Together with β2m, the α3 domain forms  immunoglobulin 

constant-like folds, whereas the α1 and α2 domains form a unique groove, onto which 

short 9–11 amino acid-long processed peptide antigens are bound for T-cell presentation 

(62,63). In contrast to class I molecules, HLA class II molecules are heterodimers of α 

(α1 and α2) and β (β1 and β2) chains, where the α1 and β1 form the peptide binding site. 

These dimers bind 12–20 amino acid-long antigens within an open-ended peptide-binding 

site (63). In class II molecules, α chain is encoded by HLA-DRA, -DPA1, and -DQA1, 
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whereas β chain is encoded by HLA-DRB1, -DRB3, 4, 5, -DQB1, and -DPB1 (60,64). The 

HLA-DRA is the exception since it can dimerize with any of the β chains encoded by 

functional HLA-DRB genes. In HLA genes, exons 2‒4, which encode the groove of HLA 

molecule with peptide-binding properties, are rich in extensive sequence variation 

(65,66).  

 

 

Figure 3. Structure of MHC (HLA) class I and II molecules adopted from (60). The 

extracellular parts of class I molecule contain highly polymorphic α chain bound to the 

transmembrane, an invariable non-transmembrane β2-microglobulin (β2m) subunit, and a short 

peptide ligand (not shown). In molecule I, two α helices form the peptide-binding groove. The 

extracellular part of class II molecules consists of two α chains and two β chains, which are bound 

to the transmembrane. The β chains are the polymorphic part of the molecule. In class II 

molecules, the peptide-binding groove is composed of α1 and β1 chains. 

 

The biological role of HLA class I and II is to present peptides on the cell surface to T 

cells. In class I, the cellular processes in antigen presentation include HLA gene 

regulation, proteolytic degradation of intracellular proteins into small peptides, 

transportation of peptides into the lumen of the endoplasmic reticulum (ER) by the 

transporter associated with antigen processing protein complex, binding to a complex of 

class I molecules and β2m and transportation to the cell surface (63,67,68). The peptides 

presented by class II molecules can originate either from a degradation of phagocytosed 
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extracellular proteins or endogenous proteins degraded through autophagy. In class II, 

antigen presentation process includes also assistance of non-classical class II proteins, 

HLA-DM and HLA-DO, which are involved in peptide loading (HLA-DM) and peptide 

exchange (HLA-DO) (63,69). 

In non-infected healthy cells, HLA molecules present peptides derived from the cell’s 

own proteins, usually called ‘self’’ peptides. However, during infections or in cancer, 

HLA molecules additionally present pathogenic or mutated non-self-peptides to T cells 

(70). If the T cell antigen receptor of the particular T cell clone recognizes the peptide as 

non-self, the T cell clone is activated and kills the target cell. HLA class I genes, which 

are constitutively expressed on the cell surface of nearly all nucleated cells, are 

responsible for presenting intracellular peptides derived from viruses or tumor antigens 

to CD8 positive T cells. These T cells consist of the cytotoxic T lymphocytes (CTLs) and 

CD8 T regulatory cells (Tregs) (71). In contrast to class I molecules, the expression of 

class II molecules is restricted to professional APCs such as B cells, macrophages, and 

dendritic cells (DCs). Class II molecules present extracellular peptides derived from 

bacteria, fungi, and parasites to CD4 positive T cells (54,64), which include Th1, Th2, 

and Th17 helper cells and CD4 T regulatory cells (71). By interacting with CD8 positive 

T cells, HLA class I molecules regulate immune response through a cell-mediated 

pathway whereas the interaction between HLA class II and CD4 positive T cells is 

facilitated via humoral immune response mechanisms (32,33). Additionally, some APCs 

such as DCs are capable of cross-presentation where they present exogenous peptides, 

internalized by either endocytosis or phagocytosis, via class I molecules to CD8 positive 

T cells (72). By using cross-presentation, DCs can report the antigens obtained from 

infected cells or tumor cells to naive CD8 positive T cells enabling their activation and 

initiation of CD8 T cell responses (72,73). 

Antigen recognition by T cells occurs through T cell antigen receptors (TCRs), which are 

expressed on the surface of T cells. In TCRs, the highly variable complementary 

determining regions (CDR1, CDR2, and CDR3) are the peptide-binding sites that interact 

with HLA molecules (74). The engagement of TCR, together either with CD4 or CD8 co-

receptor, with the peptide-loaded major histocompatibility complex (pMHC) leads to the 

formation of an immune synapse crucial for T cell activation (75). Through activating T 

cells, HLA molecules play an important role in immune response against infection and 

cancer. However, T cell activation can also cause unwanted or even serious conditions 

such as allergic reactions, transplant rejection, autoimmune disease, or drug 

hypersensitivity (76). HLA molecules also play an important role in the development of 

self-tolerant T cells. By presenting self-peptides to T cells in the thymus, HLA molecules 

are involved in the elimination of autoreactive T cell clones (77). 
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Class I molecules can also be recognized by specific inhibitory receptors, such as killer 

cell Ig-like receptors (KIRs). KIRs are expressed on the surface of NK cells, which are 

involved in innate immune response. The panel of KIRs include receptors with both 

inhibitory and activating functions and hence they are the regulators of the development, 

tolerance, and activation of NK cells (78). NK cells are able to recognize the loss of HLA 

expression on the surface of infected or tumor cells and activate killing (79,80). Table 1 

shows a brief overview of the encoded protein subparts, expression, and main function of 

the classical HLA molecules. 

 

Table 1. Protein subpart, expression, and function of classical HLA molecules. 
 

 

Name 
Protein 
subpart 

Expression 
Antigen 
presentation 

Function 

HLA-A 
α1, α2, and 
α3 

Constitutive on all 
nucleated cells 

Presentation of 
intracellular peptides 
to CD8+ T cells and 
NK cells 

Activation of CD8+ 
T cells and NK cells 
in viral infections 
and in cancer 

HLA-B 
α1, α2, and 
α3 

Constitutive on all 
nucleated cells 

Presentation of 
intracellular peptides 
to CD8+ T cells and 
NK cells 

Activation of CD8+ 
T cells and NK cells 
in viral infections 
and in cancer 

HLA-C 
α1, α2, and 
α3 

Constitutive on all 
nucleated cells 

Presentation of 
intracellular peptides 
to CD8+ T cells and 
NK cells 

Activation of CD8+ 
T cells and NK cells 
in viral infections 
and in cancer 

HLA-DRA α1 and α2 
Antigen 
presenting cells 

Presentation of 
extracellular peptides 
to CD4+ T cells 

Activation of CD4 T 
cells in bacterial 
infection, 
autoimmunity and 
antitumor immunity 

HLA-DRB1 β1 and β2 
Antigen 
presenting cells 

Presentation of 
extracellular peptides 
to CD4+ T cells 

Activation of CD4 T 
cells in bacterial 
infection, 
autoimmunity and 
antitumor immunity 

HLA-DQA1 α1 and α2 
Antigen 
presenting cells 

Presentation of 
extracellular peptides 
to CD4+ T cells 

Activation of CD4 T 
cells in bacterial 
infection, 
autoimmunity and 
antitumor immunity 
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HLA-DQB1 β1 and β2 
Antigen 
presenting cells 

Presentation of 
extracellular peptides 
to CD4+ T cells 

Activation of CD4 T 
cells in bacterial 
infection, 
autoimmunity and 
antitumor immunity 

HLA-DPA1 α1 and α2 
Antigen 
presenting cells 

Presentation of 
extracellular peptides 
to CD4+ T cells 

Activation of CD4 T 
cells in bacterial 
infection, 
autoimmunity and 
antitumor immunity 

HLA-DPB1 β1 and β2 
Antigen 
presenting cells 

Presentation of 
extracellular peptides 
to CD4+ T cells 

Activation of CD4 T 
cells in bacterial 
infection, 
autoimmunity and 
antitumor immunity 

 

2.1.2 Non-classical HLA genes  

The structure of classical and non-classical HLA I molecules (HLA-E, -F, and -G) is 

similar, however, the non-classical molecules exhibit less polymorphism. Nonetheless, 

they too have the ability to present various intracellularly derived peptides to different 

innate immunity receptors (81). Similarly to classical class I molecules, HLA-E is 

constitutively expressed at a basal level mainly by endothelial cells (ECs), B and T 

lymphocytes, natural killer (NK) cells, and  macrophages. HLA-E is involved in tolerance 

and self-surveillance by binding the leader peptides of classical class I antigens and 

presenting them on the cell surface to interact with NK cells and some CD8 positive via 

CD94/NKG2 receptors (82). In cancer, tumor cells can evade immune surveillance by 

downregulating HLA class I expression (83). However, this can lead to a decrease in the 

leader peptides presented by HLA-E and further cascading to the activation of NK cells 

(81). Similarly to HLA-E, also HLA-F has a low level of polymorphism. Because of this 

and the gene’s high level of conservation in in primates, HLA-F has been suggested to 

have a conserved role in immune response. During immune cell activation, HLA-F forms 

complexes with class I α chains, which can interact with inhibitory NK cell receptors to 

regulate the immune system (84). Additionally, HLA-F has an immunomodulatory role 

in maternal-fetal tolerance in pregnancy (85). While the vast majority of the functions of 

HLA-F are inhibitory, in HIV infection, HLA-F can activate NK cells by binding to the 

KIR3DS1 receptor (86). HLA-G is the most polymorphic of the non-classical HLA class 

I genes and HLA-G molecule has both membranous and soluble isoforms (87). By 

interacting with inhibitory receptors, HLA-G can mediate immune responses of T, B, and 

NK cells (81). The main functions inhibited by HLA-G include constant proliferation of 

NK and T cells, maturation of dendritic cells, alloimmune response of CD4 positive T 

cells, and the antigen-specific cytolytic function of CD8 positive T cells (87). Thus, the 
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aberrant upregulation of HLA-G in cancer is beneficial for tumor cells and enables them 

to evade the immune surveillance (88). HLA class II has four non-classical genes HLA-

DMA, HLA-DMB, HLA-DOA, and HLA-DOB, which form the HLA-DM and HLA-DO 

molecules. All these genes have a very low level of polymorphism, and they are expressed 

constitutively in professional APCs. HLA-DM and HLA-DO molecules do not bind 

antigens by themselves but are essential for the selection of the presented class II peptides 

and thus govern the activation of antigen specific T cells. (89) 

 

2.1.3 HLA nomenclature 

The World Health Organization’s Nomenclature Committee for Factors of the HLA 

System was established in 1968 to promote the understanding of the HLA system and its 

use in clinical applications. This committee developed a standardized way to name HLA 

known as HLA nomenclature and since its establishment it has overseen the updates to 

the nomenclature. To date, there have been 19 published reports that have documented 

the HLA antigens, genes, and alleles. (90) 

In the current HLA nomenclature (Figure 4), there is a specific numbering corresponding 

to four sets of fields separated by colons for each allele. All current alleles have at least 

two fields in their name. The first part in the allele name is the HLA gene name i.e HLA-

A. After the gene name there is an asterisk (HLA-A*) as a separator. The first field is the 

allele group corresponding to serological antigen carried by an allotype (HLA-A*02). The 

second field refers to specific HLA-protein (HLA-A*02:01) indicating that there is at least 

one nucleotide substitution changing the amino acid sequence of the encoded protein 

between two alleles. The third field refers to alleles that have synonymous nucleotide 

substitutions within the coding sequence (HLA-A*02:01:01). The fourth field denotes the 

alleles that have variation outside the coding sequence i.e. in the introns or in the 5' or 3' 

untranslated regions (HLA*02:01:01:02). Moreover, the allele name can have additional 

optional suffixes in the end to indicate the expression status. These are ‘N’ for the ‘Null’ 

alleles (HLA*02:01:01:02N), ‘L’ for the ‘Low’ cell surface expression, ‘S’ for the 

proteins that are expressed in a ‘Secreted’ soluble form, ‘C’ for the proteins present in the 

‘Cytoplasm’, ‘A’ for the ‘Aberrant’ expression if not known whether the protein is 

actually expressed, and ‘Q’ for the alleles that have ‘Questionable’ expression. (90) 
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Figure 4. HLA nomenclature. HLA nomenclature consist of the HLA prefix, HLA gene name, 

asterisk (*) separator and colon-separated four fields, which refer to the specific allele group (1-

fiedl), specific HLA protein (2-field), synonymous mutations within the coding region (3-field), and 

mutation outside the coding region (4-field). Additionally, the nomenclature contains an optional 

suffix in the end of the allele name referring to the expression level of the allele.

2.1.4 HLA diversity

As a proof of the massive polymorphism in HLA, there are currently over 33,000 different 

class I and class II alleles identified in the IPD IMGT/HLA database

(https://www.ebi.ac.uk/ipd/imgt/hla/about/statistics/, 88). Evolutionarily, due to this 

variation, the immune system is capable of recognizing almost any foreign peptide, which 

ensures an effective defense against various pathogens (32). Out of all identified HLA 

alleles, 24,308 are class I alleles and 9,182 are class II alleles (Table 2). These numbers 

represent the diversity of HLA molecules expressed in humans, which arises from point 

mutations and gene conversion (33,53). Presumably, the high diversity is maintained in a 

population through two mechanisms: heterozygote advantage and frequency-dependent 

selection (92). For instance, in HIV infection, heterozygosity in class I has been shown 

to correlate with delayed disease progression (93), therefore being beneficial for the 

patient. The heterozygosity at a given HLA gene increases the amount of potentially 

targeted epitopes and thus expands the immunity, offering stronger protection against 

pathogens (94). Since the high level of polymorphism in HLA is advantageous in 

overcoming infections, interaction with pathogens is one of the most important selective 

pressures for genetic diversity of HLA (94). The other significant source of selective 

pressure for HLA diversity is reproductive mechanisms i.e. couples who differ by their 

HLA alleles have shown to be more fertile (95).
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In HLA genes, the vast majority of the sequence variation between distinct HLA alleles 

lies in the exon 2‒3 region, which encodes antigen-binding abilities (66,96,97). In 

addition to the variation between alleles, specific allele combinations in HLA haplotypes 

vary between major ancestral groups and in different continental populations (98). Since 

new haplotypes emerge from existing alleles at shorter time scales through recombination 

than new alleles are generated within HLA genes, the HLA haplotype diversity across 

genes is higher than the allelic diversity within a single HLA gene (58). Thus, the high 

number of different haplotypes in different populations add another level of complexity 

to the HLA diversity. 

In addition to the vast allelic polymorphism, there is gene copy number variation in HLA 

genes. Depending on the allele of the HLA-DRB1 gene, the HLA segment may 

additionally carry one copy at all of the HLA-DRB3, -DRB4, or -DRB5 gene, or no copies 

at all. The number of non-classical class I genes and e.g. the complement component C4 

genes vary as well.    

 

Table 2. The number of HLA alleles reported in IMGT/HLA database (06/2022). 
 

 

HLA gene Alleles Proteins Type 

HLA-A 7452 4355 Classical class I 

HLA-B 8849 5343 Classical class I 

HLA-C 7393 4095 Classical class I 

HLA-E 310 121 Non-classical class I 

HLA-F 50 7 Non-classical class I 

HLA-G 102 35 Non-classical class I 

HLA-DRA 32 5 Classical class II 

HLA-DRB1 3196 2152 Classical class II 

HLA-DRB2 1 0 Classical class II 

HLA-DRB3 423 314 Classical class II 

HLA-DRB4 215 139 Classical class II 

HLA-DRB5 171 131 Classical class II 

HLA-DRB6 3 0 Classical class II 

HLA-DRB7 2 0 Classical class II 

HLA-DRB8 1 0 Classical class II 
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HLA-DRB9 6 0 Classical class II 

HLA-DQA1 442 205 Classical class II 

HLA-DQA2 40 11 Pseudogene 

HLA-DQB1 2230 1407 Classical class II 

HLA-DPA1 406 173 Classical class II 

HLA-DPA2 5 0 Pseudogene 

HLA-DPB1 1958 1223 Classical class II 

HLA-DPB2 6 0 Pseudogene 

HLA-DMA 7 4 Non-classical class II 

HLA-DMB 13 7 Non-classical class II 

HLA-DOA 12 3 Non-classical class II 

HLA-DOB 13 5 Non-classical class II 

 

2.1.5 HLA in transplantation 

The HLA system is crucial in clinical transplantation due to its role in the cellular 

discrimination of ‘self’ and ‘non-self’ peptides (32), which enables tolerance for cells 

expressing cell’s own antigens and elimination of the cells expressing foreign antigens. 

In solid organ transplantation and HSCT, histocompatibility between the donor and 

recipient is determined prior to transplantation by investigating the allele composition of 

certain HLA genes. Various methods, such as serological typing, DNA-based typing 

methods, sequence specific primers, sequence specific oligonucleotides, real-time PCR, 

and sequence-based typing (SBT) have been employed in HLA genotyping (99). Many 

of these methods have focused solely on identifying the variation on exons 2 and 3, where 

the majority of the polymorphisms are located (66,96,97). However, the adoption NGS-

based typing methods in clinical laboratories has facilitated high resolution typing of full 

HLA genes. 

Currently donors and recipients should be matched at a high-resolution level (2-field 

typing) at least for HLA-A, -B, -C, and -DRB1 genes in organ transplantation (100,101) 

and additionally for HLA-DQB1 and HLA-DPB1 genes in HSCT (102). The minimum 

acceptable level of matching is a five of six match (5/6) for HLA-A, -B, and -DRB1 (103). 

To obtain 8/8 match, genes HLA-A, -B, -C, and -DRB1 should all be matched. Similarly, 

the 12/12 match requires matching of HLA-A, -B, -C, -DRB1, -DQB1, and -DPB1 (104), 

meaning that both alleles in each of these genes are identical. In HSCT, a HLA-matched 

sibling donor can be found for ~ 30% of the patients, whereas for the remaining 70%, a 
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suitable donor is searched from donor registries (105). In these cases, high-resolution 

typing is critical according to the resolution requirements specified by the National 

Marrow Donor Program (NMDP) policies (106). Although mismatches in HLA-

DRB3/4/5, -DQA1, and -DPA1 do not considerably affect the patient’s survival, they can 

be useful when selecting a donor among multiple options (107,108). 

Since any mismatches on the alleles between the donor and recipient can lead to 

deleterious effects threatening either the patient’s or the graft’s survival, it is critical to 

find the best possible match. In solid organ transplantation, these mismatches can lead to 

allogenic immune response, where the patient’s HLA molecules present foreign peptides 

originating from the transplanted organ to T cells, activating immune response against 

the transplant leading to organ rejection (60,109). Matching the donor’s and recipient’s 

HLA antigens has significantly increased graft acceptance (100). In HSCT, mismatches 

can lead to an even more severe condition, graft-versus-host disease (GVHD), where the 

donor’s T cells attack the patient’s tissues potentially resulting in patient’s death (110). 

To avoid these severe adverse effects, it is critical to find a matching donor. However, the 

high polymorphism of HLA complicates this task. Thus, tolerated permissive mismatches 

have recently raised interest. While mismatches in HLA-A and -DRB1 seem to be poorly 

tolerated (108), there is evidence that high-resolution mismatches in HLA-C and HLA-

DPB1 could be less detrimental and better tolerated in HSCT (28–30,102). Additionally, 

as mentioned earlier, loss of HLA on the cell surface has the potential to activate NK cell 

-mediated killing (79,80). In the graft-versus-leukemia (GvL) effect, the NK cells in the 

donated bone marrow recognize the patient’s cancer cells and kill them (111,112). In fact, 

GvL due to mismatches in certain HLA genes, has reduced the risk of relapse and 

improved the overall survival in HSCT patients (113,114). 

 

2.1.6 HLA disease associations 

Genetic variants in the HLA region have been associated with a variety of complex human 

diseases (115). Especially, several autoimmune diseases have been associated with 

specific HLA genes and alleles. In celiac disease, the vast majority of the patients carry 

DQA1*05 and DQB1*02 alleles, and the minority of the patients carry alleles DQA1*03 

and DQB1*0302 alleles (116). In type I diabetes, haplotypes DRB1*03:01-DQA1*05:01-

DQB1*02:01 and DRB1*04-DQA1*03:01-DQB1*03:02/04 have been associated with 

the disease (117). Interestingly, the heterozygote genotype of these alleles is significantly 

more associated to the disease than the homozygous genotypes (118). Among HLA genes, 

DRB1*15:01 is the highest risk factor for multiple sclerosis (119), DQB1*06:02 in 

narcolepsy (120), and DRB1*04 in rheumatoid arthritis (121). In Crohn’s disease there 

are several reported HLA class I and class II associations  (122). Compared to the 
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conventional HLA genotyping methods, NGS technologies have provided a way to 

expand the study beyond the classical HLA genes to non-classical genes also responsible 

for disease risks (123). These technologies allow higher resolution HLA genotyping 

enhancing the fine-mapping and thus the possibility to find causal variants (124). 

Additionally, the large-scale Phenome-wide association studies using biobank samples 

with access to comprehensive phenotype data enable the study of multiple diseases and 

disease phenotypes associated with HLA (125–127). 

 

2.2 Next generation sequencing and its applications in 

HLA research 

2.2.1 Illumina’s short-read sequencing technology  

The development of NGS platforms has enabled fast and affordable sequencing both in 

research and clinical settings. The different NGS platforms can roughly be divided into 

short-read and long-read technologies, which both have their own advantages. Despite 

the different technological approaches, all short sequencing technologies are based on 

massively parallel sequencing of short clonally amplified DNA molecules. Additionally, 

they all have similar workflows consisting of library preparation, sequencing, and data 

analysis. There are two main approaches to short-read sequencing technologies: 

sequencing by ligation (SBL)(128) and sequencing by synthesis (SBS)(129,130). SOLID 

and Complete Genomics use the SBL approach, whereas Illumina and IonTorrent use 

SBS (131). Illumina’s technology, which dominates the sequencing industry, utilizes SBS 

with a fluorescent-labeled reversible terminator technology (132). In this technology, 

short DNA fragments are immobilized on a solid surface called flow cell with 

complementary primer sequences for the ligated adapters, where they are   clonally 

amplified through bridge amplification, which results in clusters containing identical 

DNA fragments (133). The high number of identical copies helps to distinguish the actual 

signal from background noise. After the bridge amplification, primers, DNA polymerase, 

and modified fluorescent nucleotides are introduced to the flow cell (131). During 

sequencing, the cleavable fluorescent terminator nucleotide is incorporated into the 

nucleic acid chain in each sequencing cycle and then imaged to detect which dNTP was 

incorporated in the forming sequence at each cluster using total internal reflection 

fluorescence (TIRF) microscopy with either two or four laser channels (131,132). The 

fluorescent terminator nucleotide is then cleaved off allowing a new sequencing cycle 

with the next dNTP to begin.  
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Illumina has a wide variety of options for read length (50 bp ‒ 300 bp) and sequencing 

depth with its benchtop and production-scale sequencers (134). Additionally, it enables 

paired-end sequencing, in which both ends of the DNA fragment are sequenced. Due to 

these possibilities, several applications have been developed based on Illumina’s 

technology, such as whole-genome sequencing (WGS), exome sequencing, 

transcriptomics (135), and epigenomics (136–138). Currently, Illumina has the lowest 

error rate of 0.1% among all base-by-base sequencing technologies (134).  

 

2.2.2 ONT’s long-read sequencing technology  

While Illumina’s massively parallel sequencing technology produces gigantic amount of 

data with high accuracy, it has its pitfalls. Illumina’s short sequencing reads, which are 

typically around 100 bp and at maximum 300 + 300 bp for paired-end data, are unable to 

resolve long repetitive elements, copy number alterations, and structural variation (131). 

Thus, the two currently available long-read sequencing platforms, Pacific Biosciences 

(PacBio) and ONT, have raised interest. Both of these platforms are able to sequence 

reads that are several kilobases long enabling the study of large structural features, 

thereby providing tools for the diagnosis of genetic diseases (139,140). PacBio’s single-

molecule real-time sequencing (141) is currently the most used long-read sequencing 

technology. However, ONT offers certain benefits.  

ONT’s most widely used sequencer, MinION, was first launched in 2014 (142–144). It is 

a pocket-sized and portable sequencer, which enables fast data production and thus real-

time sequencing (145). Due to MinION’s small size, the initial investment is small 

compared to the bulky PacBio platform. ONT sequencing is based on a nanoscale protein 

pore (nanopore), which enables a direct detection of the DNA sequence of a native single-

stranded DNA (ssDNA) (Figure 5). The nanopore is embedded in an electrically resistant 

polymer membrane, where it acts as a biosensor during sequencing (143,146). ONT 

sequencing occurs on flow cells, which consist of an application-specific integrated 

circuit chip with 512 individual channels all composed of four nanopores resulting in 

2048 nanopores in total. At the beginning of sequencing, the double-stranded DNA 

(dsDNA) is first unwound into ssDNA by the motor protein with helicase allowing it to 

translocate through the pore as current (147). The ionic current, produced with constant 

voltage in an electrolytic solution, drives the negatively charged DNA molecules from 

negatively charged side to the positively charged side. During this translocation, the 

nanopore measures the changes in the ionic current modulated by a voltage blockade 

originating from the nucleotide sequence passing through the pore. (131,148) These 

temporal shifts in the ionic current are then decoded in base-calling as k-mers using 

machine learning algorithms resulting in a sequence of template and complement signals 

(148).  



 

17 

 

Figure 5. A schematic representation of ONT sequencing. Sequencing begins when motor 

protein unwinds the dsDNA, which then passes through the nanopore embedded in the polymer 

membrane. This results in a change in the ionic current corresponding to a specific DNA sequence 

measured by the nanopore.  

 

Although ONT has been famous for its high error rate and difficulties in sequencing long 

homopolymer stretches (149), the sequencing accuracy has increased tremendously since 

ONT’s early days when the R7 version of the nanopore and motor protein was used. In 

fact, the accuracy improved from 64% (R7) to 87% when the system was updated to a the 

R9 version (150,151) and it improved even further up to 94% with the R.9.4 version (148). 

The sequencing errors in ONT most likely emerge from DNA strand fluctuation leading 

to missed bases or repetitive sequence (132). Additionally, the base calling accuracy of 

the algorithms can impact the sequencing accuracy (152). 

To date, ONT has released nine different system versions: R6, R7, R7.3, R9, R9.4, R9.5, 

R10, R10.3, and R10.4 (153). Versions R6 to R9.4 produced both 1D and 2D reads. 1D 

reads were single stranded template and complement reads, whereas 2D read was 

composed of these two connected with a hairpin adapter forming a more accurate 

consensus sequence from the template and complement reads (154–156). This 2D 

sequencing technology was later replaced by the 1D2 method using a special adapter in 

strand ligation. However, as sequencing accuracy has increased for 1D reads as well, 

ONT now provides only the 1D sequencing technology (148). In addition to accuracy, 

sequencing speed has also increased over the years from 70 (bp) per second (R7) to 

approximately 450 bp per second with the latest system (153).  
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2.2.3 RNA-seq in short- and long-read technologies 

Over the past decade, RNA-seq has replaced microarrays and qPCR in RNA expression 

studies. It has progressed significantly and become a vital tool for transcriptome profiling 

as well as for the study of single-cell expression, translatome, structurome, and spatial 

transcriptomics (157,158). These novel applications, together with long-read RNA-seq 

enabling the sequencing of full-length mRNA transcripts (159) and direct RNA-seq of 

native RNA strands (160) provide a solid base for a comprehensive study of RNA 

biology.  

In the standard RNA-seq workflow, the main steps prior to sequencing are RNA 

extraction, messenger RNA (mRNA) enrichment or removal of the highly abundant 

ribosomal RNA (rRNA), cDNA synthesis, and preparation of adapter-ligated sequencing 

libraries, which are then sequenced on a selected platform (157). The sequencing depth 

in RNA-seq in Illumina’s platform usually varies between 5 and 200 million reads per 

sample depending on the target (161). In contrast, ONT’s direct RNA-seq produces 0.5 

to 1.5 million reads per library (160,162,163). The typical RNA-seq data analysis pipeline 

includes an alignment of the sequencing reads to the genome or to the annotated 

transcriptome, quantification of the reads aligning to genes, normalization, and 

differential gene expression (DGE) analysis (157,164,165). Figure 6 shows a simplified 

workflow of the typical library preparation and data analysis in RNA-seq. 
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Figure 6. A simplified representation of the typical data analysis pipeline for RNA-seq data. 
The library preparation begins with RNA extraction followed by the mRNA enrichment and reverse 
transcription (RT) and cDNA synthesis. In the last step, prior to sequencing, platform-compatible 
adapters are ligated to the library molecule. The data analysis workflow includes quality control, 
alignment/de novo assembly, quantification of the reads, filtering, normalization, and differential 
gene expression (DGE) analysis. 

 

The selection of the sequencing platform and read depth should be made based on the aim 

of the study and target. Moreover, in addition to the full-length RNA-seq, in which the 

unfragmented full-length cDNA is cleaved and tagged for analysis using in a 

tagmentation step with transposomes, there are options for either 3’ end (166–168) or 5’ 

end (169–171) enrichment of the cDNA molecule. These enrichments can reduce the 

sequencing costs when fewer reads are required per sample, thus enabling multiplexing 

of several libraries for sequencing using sample-specific barcodes (157). Additionally, 

when designing an RNA-seq experiment, one should decide whether to use either single 

end or paired-end sequencing or to consider the use of UMIs to remove potential  

amplification bias in the data analysis step (172). The incorporation of UMIs into the 

RNA-seq library preparation, allows the removal of PCR duplicates in the data analysis 

improving the accuracy of gene expression quantification and allele frequency estimation 

(173,174) and reducing variance and false-discovery rates (173,175).  
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Although, Illumina’s platform is widely used in RNA-seq, ONT and PacBio have their 

advantages in the exploration of RNA biology. Since both of these technologies enable 

sequencing of long full-length transcripts, they are especially useful in isoform detection, 

discovery of  fusion transcripts, and de novo assembly of transcriptomes (154,163,176). 

Additionally, they can overcome the issue of multi-mapping reads common with 

Illumina’s short reads, thus, decreasing the ambiguity in the alignment step (157). This is 

particularly useful in genotyping the highly polymorphic HLA genes. Currently, ONT 

also provides direct RNA-seq, where native RNA is used (148). This technology offers 

major advantages such as keeping the long RNA transcripts, which could otherwise be 

missed during cDNA synthesis and dodging PCR biases (160,163). While Illumina offers 

a very high throughput option for RNA-seq, ONT’s cDNA sequencing and direct RNA 

sequencing have moderate to low throughput with up 10 million reads per run in the ONT 

cDNA approach and up to one million in direct RNA-seq (157). Table 3 presents a 

comparison of the common applications, advantages, and disadvantages between 

Illumina’s RNA-seq and ONT’s RNA-seq options. 

 

 

 

 

 

 

 

 

 

 

 

 



 

21 

 

Table 3. The key applications, advantages, and disadvantages of Illumina’s short-

read and ONT’s long-read sequencing technologies. Adapted of Stark et al. (157) 

Sequencing 

technology 

Applications Advantages Disadvantages 

Illumina short-read 

(cDNA) 

Multiple applications 

including differential 

gene expression 

(DGE), bulk RNA-

seq, single cell RNA-

seq, whole 

transcriptome 

analysis, spatial 

RNA-seq,  

translatome, and 

structurome 

Very high throughput 

Well-known biases 

and error profiles  

A wide range of 

developed methods 

and computational 

pipelines 

Potential bias from 

RT, PCR, and size 

selection  

Limited isoform 

detection and 

transcript discovery 

ONT long-read 

(cDNA) 

Detection of isoforms 

and fusion transcripts 

Analysis of de novo 

transcriptome  

MHC and HLA 

Ability to sequence 

long reads and full-

length transcripts 

Simpler de novo 

transcriptome 

analysis 

Moderate throughput 

with 0.5 to 10 million 

reads per run 

Potential bias from 

RT, PCR, and size 

selection 

ONT long-read   

(direct RNA) 

Detection of isoforms, 

fusion transcripts, 

and ribonucelotide 

modifications 

Analysis of de novo 

transcriptome  

MHC and HLA 

Ability to sequence 

long reads and full-

length transcripts 

Simpler de novo 

transcriptome 

analysis 

No biases from RT or 

PCR 

Detection of RNA 

base modifications 

Low throughput with 

only 0.5 to 1 million 

reads per run 

Unknown potential 

biases from sample 

preparation and 

sequencing  
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2.2.4 NGS-based HLA genotyping 

In the past few years, NGS has rapidly replaced the more conventional HLA typing 

methods in clinical laboratories allowing more accurate high-resolution typing (8,99). 

The major issue with the previous high-resolution HLA typing method, SBT with Sanger 

technology, was that it only focused on sequencing certain exons, resulting in ambiguous 

typing results that required further confirmation (177). While the number of new alleles 

continuously increased in the IPD IMGT/HLA database, relying only these few exons 

became even more problematic. Since NGS technologies allow laboratories to sequence 

full-length HLA genes, these ambiguities can be resolved (178,179). Although, 2-field 

typing resolution level is required only for HSCT to reduce post-transplant complications, 

according to recent studies, high-resolution typing has been beneficial in solid organ 

transplantation as well (180–182). In addition to the improvements in accuracy, NGS 

methods have increased the volumes by allowing numerous samples to be multiplexed 

together and analyzed simultaneously (183–185). Moreover, NGS has lowered 

sequencing costs (186) and accelerated the speed of HLA typing (99). Particularly, ONT’s 

real-time sequencing, where data can be analyzed as soon as it is generated already during 

sequencing, holds great promise for situations where fast HLA typing results are required, 

such as organ transplantation from a deceased donor (187).  

Since NGS technologies were first introduced, several different NGS-based HLA typing 

methods have been developed (9–11,183,185,188–208). Most of these HLA typing 

methods are based on various PCR amplification designs and sequence capture 

techniques. In the PCR-based methods, which mainly differ by their primer design and 

sequencing platform, either certain target exons or full-length HLA genes are enriched by 

PCR. The capture method instead uses a hybridization step, where either DNA or RNA 

biotinylated probes together with the HLA sequence are first bound to the HLA gene 

sequences in the library and then captured with streptavidin magnetic beads.(8) The vast 

majority of the existing HLA typing methods are based on short-read technology due to 

its low error rate and high throughput. However, in accurate HLA typing, the biggest 

challenges are the massive number of different HLA alleles and the high sequence 

similarity across alleles meaning that many of them are identical in certain exons (209). 

This is especially problematic for short reads, which might end up aligning to multiple 

alleles leading to ambiguous or even false results (99). While, there are some ways to 

overcome this issue (206), for instance by selecting the best alignment option using score-

systems (210), in the worst case scenario, these multi-mapping reads get completely 

discarded to avoid problems in the downstream analyses (211). Additionally, since many 

of the NGS methods for HLA typing are based on PCR amplification, possible biases can 

emerge from imbalanced amplification between distinct alleles. Thus, in primer design 

extra attention should be paid in balanced and specific amplification. 
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The long-read technologies’ capacity for single molecule sequencing, in combination 

with their ability to sequence full-length HLA genes might be the solution for the multi-

mapping reads and phasing issues (99). In fact, it seems that HLA typing using long reads 

is experiencing  the dawning of a new era since both PacBio and ONT have already been 

shown to produce accurate typing results (212–216). Additionally, as the typing software 

become faster and more accurate, both WGS and whole exome sequencing (WES) data 

could be used for HLA typing thus eliminating the need for the gene enrichment step. The 

use of WGS and WES would also reduce biases from PCR amplification and allow the 

gathering of information also outside the HLA genes, which could be relevant in 

transplantation medicine. 

Along with the development of several HLA typing methods, the number of HLA typing 

software designed for NGS data has increased. Currently, there are both public academic 

computational tools and commercial software for HLA typing (Table 4). Some of these 

are designed solely for a specific data type and sequencing platform, whereas others are 

capable of using different data types as inputs in their pipeline. These software use 

different approaches such as alignment, de novo assembly, read mapping, and graph-

based genotyping model (8,99). In addition to programs for genomic DNA, there is typing 

programs for RNA-seq data (14–16,96,209,217), which offer the option of simultaneous 

expression quantification up to allele-level. However, with RNA-seq, there can be issues 

with allele dropout with low-expression alleles, hindering accurate HLA typing (99).  

 

Table 4. NGS HLA genotyping software  

Software Data type Read type Availability Reference 

HLApers RNA-seq Short Public (16) 

arcasHLA RNA-seq Short Public (14) 

HLAprofiler RNA-seq Short Public (15) 

seq2HLA RNA-seq Short Public (96) 

AltHapAlignR RNA-seq Short Public (217) 

HLAforest RNA-seq Short Public (209) 

Optitype RNA-seq Short Public (17) 
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HLAminer 
WGS/WES/      
RNA-seq/amplicon 

Short/Long Public (12) 

HLA Explore 
(Omixon) 

WGS/WES/   
amplicon 

Short/Long Commercial (218) 

NGSengine  
(GenDx) 

Amplicon Short/Long Commercial (219) 

SeqNextHLA 
(JSI Medical 
Systems) 

WGS/WES/      
RNA-seq/amplicon 

Short/Long Commercial (220) 

PHLAT 
WGS/WES/ RNA-
seq 

Short Public (221) 

ATHLATES 
WGS/WES 
/amplicon 

Short Public (222) 

HLA-VBSeq DNA Short Public (223) 

HLA*LA WGS/WES Short/Long Public (224) 

HLAssign Sequence capture Short/Long Public (225) 

 

Although, NGS methods have become more cost-effective, for genome-wide association 

studies (GWAS) where HLA genotype information could useful in interpreting results, 

imputation offers an inexpensive and fast alternative to predict HLA alleles from e.g. 

large biobank cohorts. Imputation, which is based on predicting HLA alleles using SNPs 

has lead to successful fine-mapping of various diseases (226). Currently, there are several 

different imputation tools such as SNP2HLA (227), HIBAG (228), HLA*IMP (229), 

DEEP*HLA (230), and CookHLA (231), which all offer their own advantages. All these 

algorithms offer a reference dataset panel to infer HLA alleles from samples, however, 

by using a custom population-specific reference panel, especially with a relatively 

isolated population, the accuracy of the imputation can be further increased (232).  

 

2.2.5 Methods in HLA expression quantification 

In addition to accurate HLA typing, in the future quantification of HLA gene- and allele-

level expression may play a critical role in applications such as biomarker discovery, 

transplantation medicine, exploration of immune escape mechanisms in cancer, 

development of cancer vaccines targeting neo-epitopes, and disease susceptibility (233). 

Just a couple of years ago, there was only a small amount of information available on 



 

25 

 

HLA’s expression variation between individuals, distinct tissues, and between normal 

and disease phenotypes. The comprehensive understanding of the expression levels of 

HLA genes and especially alleles was long hindered by methodological issues. Prior to 

the NGS revolution, the measurement of HLA mRNA expression levels was performed 

using qPCR together with specific primers (29,234–237) or microarrays (238). For 

protein expression measurements, antibody-based methods (20,28,239,240) were used to 

detect HLA proteins on the cell surface. All these methods are quite laborious and time-

consuming. Additionally, none of them is capable of quantifying HLA expression in a 

high throughput manner. Moreover, their specificity and sensitivity are not sufficient for 

the highly polymorphic HLA.  

RNA-seq-based methods with high accuracy and the ability to sequence several samples 

and genes simultaneously, have provided a powerful tool for HLA expression 

quantification; thus, understanding of the expression variation between different HLA 

genes and alleles is improving. However, as with HLA genotyping are some issues with 

using RNA-seq in HLA expression quantification. Since accurate typing is a prerequisite 

for HLA expression quantification the multi-mapping reads are an issue in obtaining 

reliable allele-level counts. To overcome this, several programs quantifying HLA 

expression at the allele-level, have included a personalized reference in their pipeline 

(14,16,96). Since the reads are aligned against the personalized reference containing only 

the HLA allele sequences of an individual in the expression quantification step, the 

possibility of multi-mapping reads is greatly decreased. Indeed, the past few years have 

been a busy period in the investigation of HLA allele-specific expression and several 

methods and pipelines have been developed for quantifying HLA allele-level expression 

both for bulk- and single-cell RNA-seq. Although almost all the studies have used 

Illumina’s RNA-seq, there are also a few using ONT’s RNA-seq (241,242). Currently, 

there is a handful of public programs for HLA allele-level expression quantification such 

as HLApers (16), arcasHLA (14), AltHapAlignR (217), and seq2HLA (96), which all 

provide HLA gene- and allele-level expression estimates from full-length RNA-seq data. 

To date, there have been several studies exploring HLA allele-specific expression with 

distinct methods either focusing on individual genes or covering all the classical class I 

and II genes (Table 5).  However, as the continuously developing RNA-seq methods and 

the analysis pipelines in HLA expression quantification are more widely adopted, the 

number of these studies will only increase in the future, expanding our understanding of 

the HLA expression’s diversity in distinct cells, tissues, and diseases. 
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Table 5. Overview of studies investigating HLA allele-specific expression 

Study Data type Method/Software HLA genes Reference 

Aguiar et al. 
2020 

mRNA 
Bulk RNA-seq / 
HLApers 

Class I, Class II (16) 

Bettens et al. 
2022 

mRNA 
Bulk RNA-seq / 
HLApers 

Class I (243) 

Lee et al. 
2018 

mRNA 
Bulk RNA-seq / 
AltHapAlignR 

Class I, Class II (217) 

Orenbuch et 
al. 2020 

mRNA 
Bulk RNA-seq / 
arcasquant 

Class I, Class II (14) 

Gutierrez-
Arcelus et al. 
2020 

mRNA 
Bulk RNA-seq /        
In-house 

Class I, Class II (244) 

Yamamoto et 
al. 2020 

mRNA 
Sequence capture /  
In-house 

Class I, Class II (203) 

Montgomery 
et al. 2020 

mRNA 
ONT bulk RNA-seq / 
In-house 

Class I (241) 

Cornaby et 
al. 2022 

mRNA 
ONT bulk RNA-seq / 
In-house (UMIs) 

Class I, Class II (242) 

Darby et al. 
2020 

mRNA 
Illumina single-cell 
RNA-seq / 
scHLAcount (UMIs) 

Class I, 
Class II 

(245) 

Petersdorf et 
al. 2014 

Protein FACS HLA-C (28) 

Petersdorf et 
al. 2015 

mRNA qPCR HLA-DPB1 (29) 

Ramsuran et 
al. 2017 

mRNA qPCR Class I (235) 

Ramsuran et 
al. 2015 

mRNA qPCR HLA-A (235) 

Pan et al. 
2017 

mRNA qPCR Class I (236) 

Apps et al. 
2013 

Protein FACS HLA-C (20) 

Apps et al. 
2015 

Protein FACS HLA-C (239) 
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Kaur et al. 
2017 

Protein FACS HLA-C (240) 

Bettens et al. 
2014 

mRNA qPCR HLA-C (237) 

Kulkarni et al. 
2013 

mRNA qPCR HLA-C (22) 

Sille et al. 
2013 

mRNA qPCR HLA-DQB1 (23) 

 

2.3 HLA expression in normal tissues and human 

diseases  

2.3.1 Regulation of HLA expression  

Although the differential HLA expression between genes and alleles is well known, the 

prediction of HLA expression regulation has remained difficult due to the multiple factors 

affecting HLA gene- and allele-level expression in both resting and activated cells. At the 

transcriptional level, the expression of HLA class I and class II genes is regulated by 

numerous transcription factors, which interact with conserved cis-acting regulatory 

promoter elements (Figure 7) (246–248). The highly conserved SXY-module including 

S/W, X1, X2, and Y-boxes in HLA gene promoters is crucial for both class I and II 

expression (246). However, in class I promoters, two additional motifs, cytokine‐

inducible promoter site enhancer A (enhA) and interferon-stimulated response element 

(ISRE), also participate in expression regulation (247). All of these elements are highly 

conserved, and they are crucial for both the inducible and constitutive expression of HLA 

genes. In promoters, the SXY-module is bound by protein complex called HLA 

enhanceosome, composed of regulatory factor X (RFX), cAMP-responsive-element-

binding protein (CREB), activating transcription factor 1 (ATF1), and nuclear 

transcription factor Y (NF-Y) (249). In HLA class I, a member of the NOD-like receptor 

(NLR) family, NLR caspase recruitment domain containing protein 5 (NLRC5), is 

required for expression regulation (250,251). In class II, NLRC5 is replaced by another 

member of NLR family, called the class II transactivator (CIITA), which is critical for 

the expression of class II genes (64,246). There are some gene-specific differences within 

class I promoters, e.g. the promoter of HLA-B includes additional factors such as upstream 

stimulatory factors (USFs) and Sp1, which are not present in the promoters of HLA-A or 

HLA-C. In class I promoters, enhA and ISRE are bound by nuclear factor (NF)-κB and 
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interferon regulatory factor (IRF) family members, respectively. Since both NF-κB and 

IRF mediate the routes of the tumor necrosis factor α and interferon γ, they are responsible 

for the induced class I transcription (252,253). Additionally, there are some differences 

in expression regulation between classical and non-classical class I genes. For instance, 

the expression of HLA-G is not regulated by the SXY regulatory module, ISRE or NF-κB 

sites (254). The transcription of HLA-E, on the other hand can be upregulated by CIITA 

via SXY regulatory module, but it is not induced by (NF)-κB or IRF1 (255). 

 

Figure 7. Overview of the elements in HLA class I and class II expression regulation. The 

proximal SXY module is located in the promoter of all HLA genes, except for HLA-G. This module 

is bound by a HLA enhanceosome complex composed of RFX, ATF/CREB, and NF-Y. Class I 

promoters include additional upstream motifs, EnhA and ISRE, which are bound by NF-κB, and 

IRF, respectively. In class I, NLRC5 is required for transcription. In class II, NLRC5 is replaced by 

CIITA. Pol II indicates the initiation site for RNA polymerase II. Adopted from Carey et al. (248), 

Rene et al. (247), and Elsen et al. (246). 

 

There are numerous mechanisms that can affect HLA mRNA and cell surface expression 

(248). Despite the growing body of evidence of these mechanisms, predicting HLA 

expression in different cells and tissues has so far remained impossible. Several 

independent studies have reported factors, such as promoter polymorphisms, long‐range 

promoters, splice variants, alternative start codons, alternate polyadenylation sites, DNA 

methylation, post‐transcriptional regulation, physical stability of the mRNA and protein, 

and active internalization of HLA to govern expression levels of distinct HLA genes and 

alleles (246,248). Additionally, external factors such as proinflammatory cytokines can 
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upregulate the basal level class I expression.  Moreover, these cytokines can lead to 

aberrant effects since they also enable induction of class II expression on non-APCs. 

(246)  

Several studies have demonstrated that the promoter polymorphisms are the cause for 

differential expression in distinct HLA genes and alleles. For instance, variants in the 5’ 

UTR have been associated with differential expression of HLA-A alleles (234). This is 

typical, since the variation in the promoter region often affects gene expression. 

Polymorphisms in the SXY region resulted in allele‐specific and tissue‐specific changes 

in HLA‐DQ expression (258). It has also been suggested that certain upstream elements, 

such as repeats outside the immediate promoter region can affect transcription, and thus 

the expression of HLA genes, by either enhancing or silencing their promoters 

(237,259,260). In HLA-A, the use of alternative polyadenolytion sites (PAS) responsible 

for regulating the length of the gene product, can alter gene expression in different 

circumstances. For instance, upon infection, HLA‐A*03 was shown to switch from distal 

PAS to proximal PAS enabling higher protein expression on the cell surface. However, 

the alternative PAS usage does not seem to affect HLA-B or HLA-C and within HLA-A, 

only certain alleles are influenced by it. (261) DNA methylation has also been 

demonstrated only to affect HLA-A expression when expression of distinct HLA-A 

alleles inversely correlated with the amount of cytosine-guanine dinucleotide (CpG) sites 

methylated (235). Variants in the 3’UTR region have also been associated with 

differential allele-level expression of HLA-C and HLA-DPB1 (256,262,263). Moreover, 

the level of promoter activation can vary between HLA genes due to the sequence 

variation in the enhancer A and the ISRE (229,239). This kind of variation can also result 

in differential allele expression. ISRE sequence variation in the HLA-A*02:01 promoter 

has been shown to cause reduced binding activity by IRF-1, leading to weak expression 

(264). Lastly, the stability and rate of recycling and internalization of cell surface HLA 

proteins seems to be gene- and cell-specific and thus it can affect the quantity of different 

HLA proteins on the surface of distinct cells (248).  

 

2.3.2 HLA expression in normal tissues 

Despite numerous earlier studies investigating HLA, there is still relatively little 

information on HLA expression in different healthy tissues. This is most likely because 

unlike tumors, healthy tissues are not easily accessible and usually the acquired sample 

sizes are small. The Genotype Tissue Expression consortium (GTEx) (265), which 

collected 1641 postmortem samples from 54 body sites from 175 individuals has been an 

important contribution allowing the investigation of gene expression in various human 

tissues. Additionally, the current RNA-based NGS technologies have enabled the 
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acquisition of large amounts of data from several tissues cost-effectively. Thus, also the 

number of public RNA-seq datasets is increasing quickly. There are already some studies 

reporting HLA expression in non-cancer tissues. In 2018 Boegel et al. (233) published a 

broad expression atlas of HLA genes composed of 56 normal tissues and cell types. In 

their study, which remains the largest one to date, they applied seq2HLA pipeline capable 

of HLA expression quantification (96) to 4323 publicly available RNA-Seq datasets to 

quantify expression profiles of classical and non-classical HLA class I and class II genes 

(Figure 8). They found the highest expression levels of classical HLA class I, class II and 

non-classical HLA class I genes in the cells of the immune system and lymphatic organs. 

The lowest levels were discovered in the retina, brain, muscle, megakaryocytes, and 

erythroblasts. HLA expression can also be tissue-restricted, e.g. the expression of HLA-

G is tightly regulated (246) and it is expressed in normal circumstances only in certain 

tissues, such as the placenta, pancreatic islets, pituitary gland, and the testis (233). In 

addition to the variation between distinct tissues, there may be differential HLA 

expression also within the same tissue, indicating inter-individual variation (233). Despite 

the novel RNA-seq applications focusing on spatial transcriptomics (157), inter-site 

variation in HLA expression has yet to be investigated.  

However, due to the advent of NGS technologies, the understanding of HLA gene- and 

allele-level expression is slowly increasing. Over the past few years, several studies have 

applied different RNA-seq approaches to the quantification of HLA expression. 

Although, there is some variation in the gene order depending on the study and applied 

analysis method, in PBMCs and lymphoblastoid cell lines (LCLs),  HLA class I genes are 

expressed at higher levels than class II genes (16,203,233,242). Interestingly, the 

magnitude of expression between distinct HLA genes in mRNA- and protein-level is not 

entirely concordant. For instance, Apps et al. (266) reported a 12-fold decrease in HLA-

C expression compared to HLA-B expression using FACS, whereas, Aguiar et al. (16) 

reported only a two-fold difference using RNA-seq data, suggesting that post-

transcription factors can greatly affect HLA expression on the cell surface. These 

differences could result from either faster degradation of the HLA-C mRNA (267) or 

impaired assembly of HLA-C (268) proteins compared to HLA-A and HLA-B. Among 

class II genes, both HLA-DRA and -DRB1 are expressed at higher levels than HLA-DPA1, 

-DPB1, -DQA1, and -DQB1 (16,203,233,242).  
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Figure 8. HLA class I and class II expression in different human non-cancer tissues. 

Heatmaps representing the order of the human tissues on a low HLA expression - high HLA 

expression scale. Data was adopted from Boegel et al. 2018 (233).  

 

In addition to gene-level expression, recent studies have focused on HLA allele-specific 

expression (16,203,217,237,242,243). All these studies reported differential allele-level 

expression as well as inter-individual variation within distinct alleles. In class II genes, 

inter-allelic variation appears to be greater than in class I genes (16,203). Similarly, 

variation among individuals sharing identical alleles is higher in class II genes (203). 

Interestingly, a comparison between these different studies reveals that they do not 

necessarily stratify the same alleles as a high- or low-expressed allele. Although some of 

these differences could be explained by methodological differences, there is clearly 

population-level variation in HLA allele-specific expression to some extent as well. It 

also seems that HLA allele-specific expression may not be static over time within the 

same individual and tissue. A recent study discovered dynamic HLA allele-specific 

expression, where the allelic balance changed between several time points during memory 

CD4-positive T cell activation in healthy individuals (244). Additionally, it appears that 
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even the expression of conserved HLA-A~B~C haplotypes can differ between 

individuals, suggesting that there are inter-individual differences in HLA expression 

regulation (243). 

 

2.3.3 HLA expression in autoimmune and infectious diseases 

HLA molecules are important for physiology and immunity; however, they are also 

central in disease-causing autoimmune reactivity. HLA alleles have been found to be the 

single strongest genetic factor in many diseases and they are associated with a higher 

number of diseases than any other factor in the human genome (33). Many of these 

diseases are autoimmune diseases, such as celiac disease, type 1 diabetes, multiple 

sclerosis, rheumatoid arthritis, and Crohn’s disease, where a certain HLA allele is defined 

as a disease predisposing or protective allele (53). However, in addition to certain HLA 

alleles or haplotypes, also differential HLA expression plays a role in several 

immunologically mediated diseases. Multiple independent studies have linked aberrant 

HLA gene-level expression to autoimmune diseases, e.g. in Graves’ disease, HLA class 

I expression was elevated in patients when compared to controls (269). Similarly, the 

level of HLA-G in tissue-infiltrating cells in inflammatory bowel diseases was increased 

(270). In systemic lupus erythematosus, high HLA-DR expression was considered as a 

biomarker for the disease evolution (271). Moreover, in Crohn’s disease (22), high HLA-

C expression was linked to a deleterious effect, whereas, decreased expression of HLA-

DRB1 and HLA-DQB1 was associated with the disease severity in immunoglobulin A 

nephropathy, a kidney autoimmune disease (272). Additionally, the expression of 

DQA1*05 and DQB1*02 risk alleles was higher in celiac disease patients compared to 

the healthy controls (273). 

In addition to multiple autoimmune diseases, differential HLA expression has also been 

associated with infectious diseases and e.g. in HIV, a high level of HLA-C expression 

was shown to correlate with cytotoxic T lymphocyte responses and frequency of viral 

escape mutation (20). In contrast, reduced expression of HLA-DR on monocytes has 

recently been shown to associate with the severity of COVID-19 disease (274). Similarly, 

increased HLA expression has been associated with amyotrophic lateral sclerosis, a 

neurodegenerative disorder, with the high-level HLA-DR expression on monocytes 

correlating with disease severity (275). 
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2.3.4 Role of HLA expression in HSCT 

HLA expression is also relevant in HSCT. Although, current donor-recipient matching 

does not take into the account HLA expression levels, several studies have reported 

detrimental effects related to differential HLA allele-specific expression in HSCT. Alleles 

with very low expression levels may not be regarded as mismatched at all by the immune 

cells and hence they may be tolerated. High expression of HLA-DPB1 alleles was 

demonstrated to provoke acute GvHD (29). A high risk of GvHD was seen in patients 

with a high expression HLA-DPB1 allele who received a HLA-DPB1-mismatched 

transplant from a donor with a low expression HLA-DPB1 allele. (29,30). Similarly, high 

expression HLA-C alleles in HSCT patients have been associated with an increased risk 

of acute GvHD and mortality (28). Thus, by considering HLA allele expression, high-risk 

HSCTs could be avoided. Moreover, since not all HLA alleles are expressed equally, 

alleles that are expressed at low levels, could be considered as permissive mismatches 

when a complete match is not available (29). 

 

2.3.5 HLA expression in cancer 

Strong HLA expression is a critical part of the immune response against cancer since 

without proper expression, class I molecules are unable to present tumor antigens to CD8 

positive T cells. Thus, the downregulation of HLA expression is beneficial for tumors 

since it enables them to escape from the surveillance and T cell-mediated immune 

responses. Changes in HLA expression occur often already in the early stages of the 

carcinogenesis process (276,277). The downregulation or loss of HLA class I expression 

promotes tumor growth by allowing a higher proliferation rate and enhanced migration 

and invasion (278). In tumor cells, HLA expression can either be completely or partially 

downregulated (279,280). In the complete downregulation and HLA loss, mutations in 

the B2M gene or HLA genes, larger genomic deletions, and deficiencies in antigen 

processing or transportation prevent the expression of HLA molecules (281). In partial 

downregulation, one or more HLA alleles are lost due to mutations. Additionally, HLA 

expression can be epigenetically downregulated. The phenomenon where only the second 

HLA allele in a given gene is lost, is called loss of heterozygosity (HLA LOH) (280,282). 

Being an important escape mechanism, HLA downregulation is common in cancers. 

However, its form and prevalence varies across distinct cancer types (83,282,283).  

In cancer, HLA expression plays a dual role, since high HLA expression has been 

associated both with improved survival (284,285) and poor prognosis (286). The role of 

expression has been extensively studied for several HLA genes in various cancers to find 

potential biomarkers to predict the patient’s prognosis and treatment outcome. 
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Importantly, high expression of classical HLA class I genes has been associated with 

favorable outcomes and prolonged survival in several cancers (287–290) suggesting 

strong HLA expression to be an important factor anti-tumor immunity. In contrast, the 

expression of non-classical HLA proteins, especially HLA-E and -G, appears to correlate 

with poor prognosis (291–293). In normal tissues, the expression of these genes is 

extremely restricted; however, several cancers have shown aberrant upregulation of 

HLA-E and -G (294,295). Since the non-classical HLA proteins hold immunomodulatory 

functions through the binding of NK and T receptors leading to immunosuppression 

(296), their overexpression is beneficial for tumor cells.  Interestingly, there are also 

contradicting findings, since high HLA-E expression has also been associated with 

improved survival (297). In addition to gene-level associations, loss of HLA expression 

in cancer is also associated with specific HLA alleles. For instance, in classic Hodgkin 

lymphoma, the expression of a protective HLA class II allele was lost, whereas the 

patients carrying the risk alleles predisposing to the disease retained their expression 

(298).  

Recently, two pan-cancer studies investigated HLA gene expression across 33 tumor 

types (26,27). Both reported higher expression in class I genes compared to class II genes. 

Among distinct tumors, genes from similar classes had similar expression profiles with 

the exception of HLA-G, which was expressed at the lowest level. Although, HLA 

expression varies between different genes, Schaafsma et al. (26) found that the variation 

between divergent tumor types was even higher. In cancer tissues, HLA expression is 

often associated with immunological features such as immune infiltration, immune 

checkpoint signatures, and proinflammatory signatures (26,27). Therefore, investigation 

of tumor immune microenvironment (TIME) is important when HLA expression is 

studied. Tumors can generally be divided into hot and cold TIMEs. In a hot TIME, the 

number of tumor-infiltrating lymphocytes (TILs) is higher and they respond well to 

immunotherapy, whereas a cold TIME is more immunosuppressive (299). TIMEs can 

change over time from a hot phase to a cold phase, where tumor cells with HLA 

expression on their surface have been eradicated (300). Thus, cold TIMEs are challenging 

for immunotherapies, where strong HLA expression is often a prerequisite (301).  

 

2.3.6 Role of HLA in immunotherapy development 

Cancer immunotherapies can be roughly divided into two main categories: therapies that 

that are dependent on HLA expression (HLA-dependent immunotherapies) and therapies 

that do not rely on HLA (HLA-independent immunotherapies) (281). The HLA-

dependent immunotherapies include immune checkpoint inhibitors (ICIs) (302), adoptive 

cell therapies (303), and tumor vaccines (304). All of them rely on strong HLA expression 
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and efficient peptide presentation on the surface of the tumor cells enabling CD8 positive 

T cells to recognize the malignant cells and initiate immune response. Since CD8 positive 

T cells are responsible for cell-mediated immune responses against tumor cells, the 

development of immunotherapies has mainly focused on them through investigation of 

options such as TILs therapy (305–309) and TCR-engineered T cells (TCR-Ts) therapy 

(310,311). Although, novel immunotherapies are used to treat various cancers, their effect 

is not universal. For example with ICIs, there are multiple factors that can affect the 

therapy’s success (312). Additionally, ICIs can cause serious immune-related adverse 

effects, which are off-target effects resulting from overstimulated immune system (313). 

Interestingly, the sequence divergence between HLA class I alleles seems to be one of 

the factors predicting the patient’s prognosis after the treatment. Chowell et al (314) 

reported that homozygosity in at least one HLA class I genes and HLA LOH were both 

associated with poor survival in non-small-cell lung cancer or metastatic melanoma 

patients treated with ICIs. Thus, accurate HLA typing is also crucial for finding effective 

biomarkers to detect the patients who could benefit from the therapy. 

Despite extensive efforts to develop effective immunotherapies, the downregulation of 

HLA expression remains an issue. Without strong HLA expression, tumor cells are able 

to escape from HLA-dependent immunotherapies. Therefore, HLA-independent immune 

cell therapies, such as NK cell therapy (315), chimeric antigen receptor T (CAR-T) -cell 

therapy (316), and CD4-positive T cell therapy (317), have become interesting options in 

the treatment of cancer (281). CAR-T cell therapy, where the CTL activation can be 

triggered without the need for HLA recognition, has already been successful in treatment 

of hematological malignancies (318) and it is currently investigated as a treatment for 

solid tumors as well (319). NK cell therapies, however, are based on the missing HLA 

expression on the surface of tumor cells. Without receiving an inhibitory signal from HLA 

class I molecules through an inhibitory receptor, NK cells activate the cell-mediated 

killing (79,80). Loss of HLA genes or their expression in refractory acute myeloid 

leukemia has emerged as a popular candidate for NK cell therapy. For a long time, NK 

cell therapies were complicated by difficulties in obtaining enough NK cells ex vivo and 

sustaining their survival in vivo. However, with the latest engineered induced pluripotent 

stem cell-derived NK cells and genetic engineering tools, it is possible to overcome at 

least some of these obstacles. (315) 
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3 AIMS OF THE STUDY 

The HLA gene complex can be regarded as an immunological superlocus. HLA 

molecules present antigenic peptides to T cells to initiate the adaptive immune response 

or to delete self-reacting T cell clones during thymic maturation of T cells. Allelic 

variation of the HLA genes is associated with practically all autoimmune and 

inflammatory diseases, and matching between donor and recipient of HLA alleles is 

essential in transplantation. In the past decade, HLA research has benefitted from the 

rapid development of NGS technologies, which have enabled a massive increase in 

generated reads per sample allowing more confident HLA allele assignment at a high-

resolution level. The novel NGS approaches for HLA have mainly focused on developing 

HLA genotyping methods for genomic and RNA-seq data. However, the analysis of HLA 

expression levels has recently begun to arouse more interest due to its potential role in 

human disease pathogenesis, transplantation matching and the development of T and NK 

cell -based immunotherapies. Although, many of the current NGS methods for HLA rely 

on Illumina, ONT’s long-read sequencing technology offers several undeniable 

advantages in HLA genotyping.  

The aim of this thesis was to evaluate the potential of RNA-based NGS approaches in 

HLA genotyping and HLA expression quantification. The focus was in investigating the 

HLA gene and allele-level expression in healthy PBMC cells and in different tissues in 

HGSC. Moreover, the aim was to evaluate the performance of ONT’s long-read 

technology in HLA genotyping. 

The specific aims were: 

1. To develop an RNA-based NGS method to quantify HLA allele-specific 

expression using unique molecular identifiers and apply it to study HLA gene- 

and allele-level expression in PBMC samples. 

 

2. To develop a targeted ONT RNA-seq method to genotype classical HLA genes. 

 

3. To analyze HLA expression in various anatomical sites and treatment phases in 

high-grade serous ovarian cancer (HGSC). 

 

4. To review the available methods for HLA allele-specific expression quantification 

and to collect the reported associations between HLA expression and human 

malignancies.  
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4 MATERIALS AND METHODS  

The materials and experimental methods have been described in detail in the original 

publications (I‒III) and hence only short descriptions are provided herein with references 

to the original publications.  

4.1 Study materials and ethical considerations (I‒III) 

Table 6 presents the sample material in publications I‒III. For publications I and II, buffy 

coat samples from healthy blood donors were collected in Finnish Red Cross Blood 

Service, Finland. Both these studies were approved by the Finnish National Supervisory 

Authority for Welfare and Health, Valvira (https://www.valvira.fi/en/web/en). The use of 

the anonymized samples was conducted in accordance with the rules of Valvira. 

For publication III, bulk RNA-seq and cell composition data from 152 samples from 54 

patients were acquired from a longitudinal ovarian cancer cohort, which belongs to the 

DECIDER project (https://www.deciderproject.eu). Additionally, 45 blood WGS 

samples were acquired from the same cohort. The tissue samples for the bulk RNA-seq 

were taken from ovarian tumors, different intra-abdominal metastases, and ascites fluid. 

The samples were collected before the chemotherapy (n = 93), after the chemotherapy (n 

= 44), and from relapsed cancers (n = 15). A written informed consent was obtained from 

all patients, who participated in the study in publication III. The study and the use of all 

clinical material were approved by the Ethics Committee of the Hospital District of 

Southwest Finland (ETMK) under decision number EMTK: 145/1801/2015. 

Furthermore, a public TCGA ovarian cancer cohort with 371 patients was used in 

publication III.  
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Table 6. Sample material in publications I‒III 

Sample 
material 

Samples and 
patients 

Data type Data source Publication 

PBMC 
50 healthy blood 
donors 

Illumina bulk 
RNA-seq 

Present study I 

PBMC 
50 healthy blood 
donors 

ONT bulk 
RNA-seq 

Present study II 

Primary 
ovarian tumors, 
different intra-
abdominal 
metastatic 
sites, and 
ascites fluid 

172 samples from 57 
OvCa patients 

Bulk RNA-seq, 
cell 
composition 
data 

DECIDER III 

Blood 
51 samples from 51 
OvCa patients 

WGS DECIDER III 

Ovarian tumors 371 OvCa patients RNA-seq TCGA III 

 

4.2 Cell, RNA and DNA extraction (I, II) 

Peripheral blood mononuclear cells (PBMCs) were isolated from buffy coats using Ficoll 

density gradient in SepMate™-50 tubes according to the manufacturer’s protocol 

(Stemcell Technologies).  

The RNA extraction from PBMCs was done using Qiagen’s RNeasy Mini kit and Rnase-

Free DNAse Set according to manufacturer’s protocol. The concentration of total RNA 

and RNA purity were quantified with the Qubit™ RNA High Sensitivity Assay Kit in 

Qubit® 2.0 fluorometer (ThermoScientific). RNA quality was measured with RNA 6000 

Pico Kit (Agilent Genomics) with a 2100 Bioanalyzer (Agilent Genomics). 

The DNA extraction from PBMCs was done using Qiagen’s QiaSymphony SP automat 

according to the manufacturer’s protocol. The extracted DNAs were then analyzed with 
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NanoDrop ND-1000 (Thermo Fisher Scientific) to measure the concentration and purity 

of DNA. 

4.3 Reverse transcription and enrichment of HLA genes 

(I, II) 

In publications I, and II, full-length complementary DNA (cDNA) molecules were 

generated from RNA transcripts using an adaptation of the STRT method (171). First, the 

poly-A tail of messenger RNA (mRNA) was hybridized to the first strand cDNA synthesis 

primer, STRT-V3-T30-VN oligo (IDT technologies). This step was followed by reverse 

transcription and template switching using a reaction mix including SuperScript ® II 

Reverse Transcriptase (invitrogen by Thermo Fisher Scientific) and RNA template 

switching oligo (RNA-TSO) with 10 bp unique molecular identifier (UMI) (IDT 

technologies). In the reverse transcription reaction UMI are incorporated into RNA 

transcripts giving every transcript a unique barcode. After the RT, the full-length cDNA 

was amplified and restriction reaction using SalI-HH (New England Biolabs) performed 

to remove the 3’ fragments of the cDNA molecules. Qubit™ dsDNA High Sensitivity 

Assay Kit was used to quantify the DNA concentration and the High Sensitivity DNA Kit 

(Agilent Genomics) the size distribution of the cDNA. 

For publications I and II, separate TSO-specific universal forward primers and HLA gene-

specific reverse primers with universal tails (all oligos IDT technologies) were designed 

for the two sequencing platforms. The primers HLA-A/-B/-C, -DRA, -DRB1/-DRB3/-

DRB4/-DRB5, -DQA1, -DQB1, -DPA1, and -DPB1 were designed to fit within non-

polymorphic regions using the international ImMunoGeneTics IMGT/HLA database 

(http://www.ebi.ac.uk/imgt/hla/). HLA genes were enriched in PCR reactions using TSO 

forward primer and one of the HLA gene-specific reverse primers. In publication I, the 

primers were designed for Illumina indexing and in publication II, for ONT barcoding. 

The amplicon lengths and non-specific amplification were confirmed by selecting four 

samples from each HLA gene enrichment with the amplification performed using 

different gene-specific primer. This was done for both sequencing platforms, Illumina 

(publication I) and ONT (publication II). The selected samples were run on a 2% agarose 

gel (Bioline) with 10x BlueJuiceTM  loading dye (invitrogen by Thermo Fisher Scientific) 

in 0.5X TBE (Thermo Fisher Scientific) with the GelGreen™ (Biotium). The gel run 

results were visualized with the Quick-Load 1kb DNA Ladder (New England Biolabs). 

The Qubit™ dsDNA High Sensitivity Assay Kit was used to quantify the DNA 

concentration of the PCR amplicons and Agilent’s High Sensitivity DNA Kit to check 

the fragment sizes.  
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4.4 Illumina library preparation and sequencing (I) 

Before Illumina library preparation, all HLA genes of 50 PCR amplicons were combined 

per sample. Illumina’s Nextera XT DNA Library Preparation Kit was used to prepare the 

sequencing libraries of 50 cDNAs and 50 amplicons. To obtain an optimal insert size and 

concentration for the sequencing, 600 pg of each cDNA and PCR amplicon sample was 

tagmented. To generate paired-end sequencing libraries, dual indexing was used followed 

by the adapter ligation. Before the library purification, all 50 cDNA samples were pooled 

together as a cDNA pool and all 50 PCR amplicons as an amplicon pool. These pools 

were then purified with the Agencourt AMPure XP beads following the manufacturer’s 

instructions. DNA concentration of the sequencing libraries was measured using Qubit™ 

dsDNA High Sensitivity Assay Kit and the size distribution of the libraries was assessed 

with DNA Extended Range LabChip in LabChip GXII Touch HT (all PerkinElmer). 

Fragments with the size of over 1000 bp and under 300 bp were removed in a double size 

selection using Agencourt AMPure XP beads according to the manufacturer’s 

instructions. The DNA concentration and the library size were verified using Qubit™ 

dsDNA High Sensitivity Assay Kit HT DNA HiSens Reagent kit and HT DNA HiSens 

Reagent kit, respectively. Before the sequencing, the pools were denaturated with 0.2 M 

NaOH and then diluted in the HT1 buffer. The libraries were sequenced with 300 cycles 

(NextSeq 500/550 v2) kits using the Illumina Nextseq sequencer. The sequencing run 

generated 100 bp (read 1) and 200 bp (read 2) paired-end reads. The Figure 9 shows the 

schematic workflow of the entire Illumina library preparation.  
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Figure 9. Experimental design of Illumina HLA RNA-Seq. In the library preparation process, 

mRNA is first reverse transcribed into cDNA with simultaneous integration of 10 bp UMI in rnaTSO 

and further amplified. The full-length cDNA is then divided and processed in parallel in Illumina’s 

cDNA and amplicon library preparation protocols. The amplicon library preparation includes an 

enrichment of HLA genes using gene-specific primers. Lastly, the full-length cDNA and HLA 

amplicons are tagmented, and sample-specific barcodes are added for multiplexing. The method 

produces 5’ end library molecules suitable for Illumina paired-end sequencing. Figure reproduced 

from Publication I with permission of Frontiers. 
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4.5 ONT library preparation and sequencing (II) 

Prior to the barcoding step in the ONT library preparation workflow (Figure 10), the HLA 

amplicons were divided into two gene pools. HLA genes HLA-A, -B, -C, -DRB1, -DRB3, 

-DRB4, -DRB5, and -DPB1 were pooled in gene pool 1 and HLA-DRA, -DPA1, -DQA1, 

and -DQB1 in gene pool 2. Agencourt AMPure XP beads (Beckman coulter) were used 

to purify both gene pools. The Qubit™ dsDNA High Sensitivity Assay Kit was used to 

determine the DNA concentration of the gene pools and Agilent’s High Sensitivity DNA 

Kit to assess the average fragment size distribution of 10 samples of both pools. Based 

on the information of the DNA concentration (ng/ µl) and the average fragment lengths 

(bp) of the gene pools, the molarity of each pool was calculated. The samples were 

barcoded with the 96 PCR Barcoding Kit (ONT) with ONT’s universal tails template for 

barcode introducing primers. After the barcoding, samples were purified with the 

Agencourt AMPure XP beads and the DNA concentration was measured using the 

Qubit™ dsDNA High Sensitivity Assay Kit. Next, 10 library pools were generated by 

pooling the barcoded amplicons of 10 individuals with equal molarities containing either 

gene pool 1 or gene pool 2. These library pools were then used in the ONT library 

preparation workflow using the protocol of Ligation Sequencing Kit 2D (SQK-LSK208) 

(ONT). Before the ONT sequencing, the running buffer and library loading beads (ONT) 

were added to the eluted libraries. The sequencing runs were performed on R9.4 SpotON 

flow cells on MinION Mk 1b device running the sequencing for 48 hours using the 

MinKNOW software. After sequencing, the cloud-based Metrichor platform (ONT) 

processed the sequencing data outputting 1D template, 1D complement, and 2D reads. 

NanoOK (320) was used to extract the fastq files from the FAST5 files. 
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Figure 10. Experimental design of Oxford Nanopore Technologies (ONT) platform. In the 

sequencing library preparation of ONT, messenger RNA (mRNA) is first reverse transcribed into 

complementary DNA (cDNA) using an oligodT T30VN primer capturing a polyA tail of mRNA, with 

simultaneous integration of 10 bp unique molecular identifier (UMI) in RNA template-switching 

oligonucleotide (rnaTSO), and further amplified using polymerase chain reaction (PCR). The full-

length cDNA (FLcDNA) is then processed with SalI restriction enzyme followed by an enrichment 

of HLA genes and adding sample-specific barcodes for multiplexing. Libraries are ligated with 

ONT adaptors and sequenced on a MinION sequencer. Figure reproduced from Publication II 

with permission of Frontiers. 
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4.6 HLA genotyping (I‒III) 

In publications I and II, the reverse SSOP-Luminex technology (Labtype, One Lambda) 

and HLA-Fusion software (One Lambda) were used as a validation method for 

genotyping of HLA-A, -B, -C, -DRB1, -DRB3, -DRB4, -DRB5, -DQA1, -DQB1, -DPA1, 

and -DPB1 alleles. The method provides 1-field HLA genotyping results and an allele list 

as NMDP codes by the National Marrow Donor Program 

(https://bioinformatics.bethematchclinical.org). To impute the HLA alleles at the 2-field 

resolution, the putative HLA alleles were assigned from the NMDP codes using the 

reported frequencies of HLA alleles in the Finnish population (321).  

In publication I, using fastq reads from Illumina amplicon data, the samples were 

genotyped using three different HLA genotyping software: Omixon Explore (Omixon), 

HLAProfiler (15), and an in-house HLA-typing tool. To obtain an ensemble prediction 

of the HLA alleles, the independent genotyping results were run through a majority voting 

pipeline (322). The genotyping results between the ensemble prediction and Luminex 

data were then compared and the discordant results were corrected to correspond to either 

the first allele in the list of Luminex or the most frequent allele in the Finnish population.  

In publication II, SeqPilot software (JSI Medical Systems) genotyped the alleles of HLA-

A, -B, -C, -DRA, -DRB1, -DQA1, -DQB1, -DPA1 and -DPB1 at a high-resolution level 

using ONT 2D reads.  

In publication III, bulk RNA-seq samples were genotyped using HLApers (16) with a 

STAR-Salmon pipeline option. The blood WGS samples were genotyped with HLA*LA 

tool (224).  

4.7 HLA expression quantification (I, III) 

In publication I, the quantification of HLA expression was based on UMI counting. First, 

the UMIs from Illumina cDNA and amplicon paired-end data were extracted from the 

reads and attached to the read names with the UMI-tools (323). Second, the cDNA and 

amplicon data were analyzed using an R-based HLAXpress pipeline 

(https://github.com/dyohanne/HLAXPress). Prior to this analysis, the information of the 

sample-specific alleles from HLA genotyping step were used to build personalized 

references for each of the 50 individuals with IPD IMGT/HLA reference database.  The 

reads were then aligned against these known sample allele sequences using LAST (324). 

Reads that mapped to any of the alleles in the personalized reference were kept along with 
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their UMIs, the aligned portions and base qualities for further analysis. In the UMI 

assignment step, each UMI was assigned to HLA allele based on the highest likelihood 

and counted once for that allele. Finally, Illumina cDNA data and amplicon data were 

normalized.  

In publication III, RNA expression estimates were obtained from bulk RNA-seq data 

using HLApers (16) with a STAR-Salmon pipeline option. Expression data was first 

normalized for library composition using TMM-method and then for gene length (FPKM) 

using DGEobj.utils (1.0.6) R package.  

4.8 Deconvolution of cell composition and immune cell 

subtypes (III) 

The deconvolution data of the bulk RNA-seq was received from Sampsa Hautaniemi’s 

group in the Research Program in Systems Oncology, Research Programs Unit, 

University of Helsinki, Finland. The relative proportions of the epithelial ovarian 

carcinoma cells (EOC), fibroblasts, immune cells, and unknown cells were decomposed 

from the bulk RNA-seq with PRISM tool (325). Additionally, the relative fractions of 22 

different immune cell subtypes were extracted from bulk RNA-seq data with 

CIBERSORTx tool (https://cibersortx.stanford.edu/).  

4.9 Survival analysis (III) 

The survival analyses in publication III were conducted using the Cox proportional 

hazards model with random effects from the R package “coxme” (326)  for bulk RNA-

seq data and The Kaplan-Meier plotter website (http://www.kmplot.com)(327) for the 

Cancer Genome Atlas (TCGA, https://cancergenome.nih.gov/) ovarian cancer cohort. 

coxme was used to investigate the association of HLA gene expression and platinum free 

interval (PFI) and overall survival (OS) and the Kaplan-Meier plotter the association 

between HLA gene expression and progression-free survival (PFS) and OS.  
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4.10 Statistical analysis (I, III) 

In publications I and III, the statistical significances were determined with non-parametric 

analyses using Mann-Whitney U-test and Kruskal-Wallis test followed by Dunn’s post-

hoc test for multiple comparison. Correlations were analyzed using the Spearman 

correlation coefficients. GraphPad PRISM® version v8.4.2 was used in publication I and 

version v9.3.1 in publication III. In all tests in publication I, p-values < 0.05 were 

considered statistically significant. In publication III, p-values < 0.05 after the Benjamini-

Hochberg (BH) correction for multiple comparison were considered significant.  
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5 RESULTS

5.1 HLA genotyping using ONT RNA-seq (II)

In contrast to Illumina’s sequencing technology, ONT provides the possibility to 

sequence single molecules as long reads. This is especially beneficial for HLA 

genotyping, which usually suffers from unambiguous phasing of the short reads. 

However, the major downside of ONT sequencing has been its high error rates, which 

can hinder the confident allele assignment in HLA genotyping. In publication II, the 

fitness of ONT RNA-seq in HLA genotyping was evaluated. We developed a highly-

multiplexed amplicon-based method able to sequence multiple HLA genes and samples 

simultaneously using sample-specific barcodes. To obtain the best possible results from 

HLA genotyping, only ONT 2D reads of higher quality were included. Since no public 

and RNA-seq-optimized HLA genotyping software for ONT data was available at the 

time, we used the SeqPilot software from JSI Medical Systems, which had previously 

been used only for ONT genomic data. Despite the lack of optimization, 2-field resolution 

or higher genotyping results were obtained for 80% of HLA class I alleles and 95% of 

HLA class II alleles. For different HLA genes, the percentage of the obtained HLA 

genotyping results varied between 74% and 100% (Figure 11). 

Figure 11. HLA typing results of 50 individuals using ONT RNAseq data and SeqPilot 

software.  Successful allele calling rate is shown for class I and class II (A) and for each gene 

(B). Figure reproduced from Publication II with permission of Frontiers.
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To evaluate the HLA typing results obtained from ONT RNA-seq data, the concordance 

rates with the Luminex SSO-PCR genotyping results were calculated for 1-field and 2-

field resolution (Figure 12). In class I, the concordance rates were 99% at the 1-field 

resolution level and 94% at the 2-field resolution level. In class II, the concordance rates 

for 1-field and 2-field resolution levels were 100% and 99%, respectively. The gene-level 

concordance rates at the 1-field resolution level were similar across distinct HLA genes 

ranging from 99% to 100%. However, at the 2-field resolution level, there was more 

variation in the concordance rates between different HLA genes (ranging from 89% to 

100%).

Figure 12 Accuracy of ONT RNAseq method in typing of 12 classical HLA genes. 

Concordance rate with Luminex SSO-PCR at one-field and two-field typing resolution is shown 

for class I and class II (A) and for each of the 12 genes (B). Figure reproduced from Publication 

II with permission of Frontiers.

5.2 HLA expression in PBMCs (I)

5.2.1 HLA gene-level expression

Several NGS methods and bioinformatics pipelines have been applied in HLA typing. 

However, the potential held by NGS RNA-seq approaches in HLA research has remained 

relatively unexploited. In publication I, we developed an RNA-based cost-effective NGS 

method capable of multiplexing several samples in a single sequencing run. Due to the 

high number of factors potentially affecting HLA expression in malignant tissues, we 

chose healthy PBMCs as a starting material to investigate HLA gene and allele-level 
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expression in a fairly uniform sample material. It is of note that our study in publication 

I did not include the analysis of the proportions of distinct immune cell subtypes, which 

may result in extra variation particularly in HLA class II expression levels.  

In publication I, our approach was to combine a personalized reference with our in-house 

software tool, HLAXPress, to quantify HLA expression of PBMCs. The personalized 

reference reduced the possibility of multi-mapping reads in the alignment step, since the 

reads were aligned only against the sequences of HLA alleles known to be present in the 

sample. The expression quantification was based on counting the unique UMIs per allele, 

which represented the original RNA transcripts in the sample. The incorporation of UMIs 

in the library preparation allowed more accurate expression quantification as the PCR 

duplicates were removed in the analysis. To obtain the HLA gene-level expression, the 

allele-level UMIs were summed together. The comparison of nine HLA genes in 

Illumina’s cDNA data revealed significant differences in gene expression levels. Among 

all nine genes, the highest expression was found for HLA-B and -C, while HLA-DQA1 

and -DQB1 showed the lowest expression levels (Figure 13). 

 

 

Figure 13 Box and whisker plot of gene-specific expression of nine HLA genes of 50 

individuals. Y-axis indicates the sum of normalized unique UMIs (Log2) of two alleles of cDNA 

data and X-axis indicates the names of nine HLA genes. Boxes indicate the lower quartile, median 

and upper quartile. Data were compared using a Kruskal-Wallis test. Figure reproduced from 

Publication I with permission of Frontiers. 
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5.2.2 HLA allotype expression  

In addition to the gene-level expression, we investigated HLA allele-specific expression. 

Since the sample size per allele was small, the serologically equivalent alleles were 

combined into HLA allelic lineages. Analysis of 50 individuals revealed significantly 

differential expression profiles among the allelic lineages in seven HLA genes (HLA-B, -

C, -DRB1, -DPA1, -DPB1, -DQA1, and -DQB1) (Figure 14). We also found differential 

expression levels within allelic lineages that obviously represent inter-individual 

variation. Moreover, we analyzed the magnitude of differential expression between the 

different allelic lineages. Based on this analysis, we found that the differential expression 

between allelic lineages was the highest in HLA-DPB1, -DQA1, and -DQB1. 
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Figure 14. Allotype expression of HLA class I and class II genes of 50 individuals. Allele-

level UMIs of eight HLA genes (A-H) were normalized, grouped to allelic lineages, and plotted 

according to different lineages in Illumina cDNA data. Y-axis indicates the normalized unique 

UMIs (Log2) and X-axis indicates the names of the allelic lineages. Each dot refers to a UMI value 

and a solid bar indicates the median expression of the lineage. The number of samples are shown 

within parentheses. A Kruskal-Wallis test compared the ranks between the allelic lineages. Figure 

reproduced from Publication I with permission of Frontiers. 



 

52 

 

5.2.3 HLA haplotype expression  

To investigate HLA haplotype expression in publication I, six common Finnish HLA 

class II haplotypes were selected. We found significant differences in HLA expression 

levels between these haplotypes (Figure 15). Interestingly, our results revealed that the 

DQA1 and DQB1 alleles, such as DQA1*05:01 and DQB1*02:01, associated with a low 

level of expression when they occurred in the same haplotypes. Similarly, the DQA1 and 

DQB1 alleles with high expression levels were paired together. Among the six 

haplotypes, two were common autoimmune haplotypes and they showed an interesting 

expression difference: DRB1*03:01-DQA1*05:01-DQB1*02:01 exhibited the lowest 

class II expression, whereas DRB1*04:01-DQA1*03:01-DQB1*03:02 had the highest 

expression level. The haplotype-level HLA class II expression level may therefore not be 

the critical common factor shared by these risk haplotypes. However, the heterogeneity 

in expression between the different samples could affect this. 

 

 

 

Figure 15. RNA expression of six common HLA class II haplotypes in Finnish population. 

Y-axis indicates the normalized UMIs (Log2) of combined HLA class II cDNA data and X-axis 

indicates the codes of the six HLA class II haplotypes. The full haplotype names are marked on 

right side of the Figure. The parenthesis following the haplotype codes indicate the number of the 

samples for each haplotype. Each dot refers to a UMI value and a solid bar indicates the median 

expression of the haplotype. Data were compared using a Kruskal-Wallis test. Figure reproduced 

from Publication I with permission of Frontiers. 
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5.2.4 Comparison of HLA expression between two Illumina 
datasets 

As our workflow in publication I included the preparation of cDNA libraries and HLA 

amplicon libraries, we were curious about how the two correlated. Using allele-to-allele 

ratio from 50 individuals, we compared the two data sets at the gene-level (Figure 16). 

Our comparison revealed varying correlation coefficients between the different HLA 

genes. Based on the results, it seemed that some of the genes correlated more strongly 

between the two data sets i.e. HLA-B, -C, and HLA-DPA1, whereas for some HLA genes, 

the correlation was only moderate (HLA-DQA1 and HLA-DQB1) or weak (HLA-A and 

HLA-DRB1). These differences might rise from variation in the amplification efficacy of 

distinct alleles in the HLA gene enrichment step. However, despite the varying strengths 

of correlation, the required sequencing depth in our amplicon-based approach is much 

lower compared to the cDNA libraries, making it a cost-effective option. 
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Figure 16. Comparison of allele ratios between Illumina cDNA and Illumina amplicon 

datasets. The allele expression ratio was calculated for each heterozygous allele pair in the two 

datasets and a non-parametric Spearman’s rank correlation was used to compare the allele-level 

expression between cDNA and amplicon data. The line indicates the linear regression. The 

Spearman correlation coefficient is given for all genes (A), HLA class I (B), HLA class II (C), and 

for genes HLA-A (D), HLA-B (E), HLA-C (F), HLA-DRB1 (G), HLA-DPA1 (H), HLA-DPB1 (I), HLA-

DQA1 (J), and HLA-DQB1 (K). Data were compared using a Kruskal-Wallis test. Figure 

reproduced from Publication I with permission of Frontiers. 
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5.3 HLA expression in HGSC (III) 

5.3.1 HLA expression in different anatomical sites 

In publication III, the focus was on the investigation of HLA expression in different 

tissues. Since the samples in the HGSC cohort were derived from various anatomical 

sites, it allowed us to compare the HLA class and gene-level expression between different 

tissues. In the comparison of class-level expression, we found no statistically significant 

difference between different anatomical sites (ascites, lymph node, mesenterium, 

omentum, ovary, and peritoneum) most likely due to the high inter-patient variation in all 

anatomical sites. However, based on the median expression, we found that the expression 

of class I and class II was the highest in lymph node and the lowest in ovary. At the gene-

level our results revealed divergent expression profiles between the anatomical sites 

indicating that the expression of certain HLA genes may be tissue-specific. Moreover, we 

found HLA genes belonging to the similar HLA classes clustering together. 

5.3.2 HLA expression in different treatment phases in HGSC 
patients 

HGSC cohort enabled us to investigate the effect of chemotherapy on HLA expression. 

In omentum, the class II expression was increased after the chemotherapy whereas in 

ascites, mesenterium, and in ovary there was no significant change in HLA expression 

between untreated and treated samples despite a trend of increasing class-level expression 

in mesenterium. At the gene-level, we discovered increased expression of classical and 

non-classical class II genes in omentum. Our correlation comparison revealed that both 

the class I and class II expression negatively correlated with the tumor purity indicating 

that the expression signal in our data did not come from the tumor cells. 

5.3.3 Correlation between HLA expression and cell composition 

To evaluate potential factors behind the differential expression levels in various anatomic 

sites and treatment phases, the cell composition of EOC cells, fibroblasts, and immune 

cells and the proportions of 22 immune cell subtypes were analyzed. The comparison 

between cell composition and HLA gene-level expression revealed positive correlation 

between high HLA expression and a high number of fibroblasts and immune cells, which 

was the most abundant in ascites, mesenterium, and omentum when all treatment phases 

were combined. Moreover, low HLA gene expression was negatively correlated with a 

high number of EOC cells in the same tissues. The only significant correlation between 

HLA expression and the specific immune cell subtypes were found in omentum between 

class I expression and memory B cells and activated NK cells. The correlation analysis 
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between different treatment phases mainly revealed strong positive correlations between 

class II expression and the proportion of immune cells and fibroblasts in ascites in 

relapsed samples, omentum before and after the chemotherapy and in ovary before the 

chemotherapy. 

5.3.4 Association between HLA expression and OS and PFI 

To determine whether HLA expression has an impact on the patient’s prognosis in HGSC, 

the association between HLA gene expression and PFI and OS was investigated. Our 

analysis with a Cox proportional hazards model with random effects showed no 

statistically significant association in any of the classical or non-classical genes with PFI 

or OS. This result was confirmed with a larger ovarian cancer cohort of 371 ovarian 

cancer patients from TGCA dataset. In this cohort, the only significant association was 

found between HLA-DOB and OS. Based on our results, it seems that HLA mRNA 

expression is not a prognostic factor in HGSC.  

5.3.5 HLA loss in HGSC patients 

Additionally, we investigated HLA allele-specific expression (ASE) loss. By comparing 

HLA genotyping results between RNA-seq and WGS, we found 17 (13%) samples and 

10 (21%) patients with potential HLA ASE loss. At the sample-level, we found four HLA 

ASE cases in the ascites, one in the adnex, lymph node, and umbilicus, two in the 

omentum, and four in the ovary and omentum. At the tissue-level, we found eleven in the 

ascites, two in the adnex and omentum, five in the umbiculus, seven in the lymph node, 

and nine in the ovary and peritoneum. The comparison between distinct HLA genes 

showed that HLA ASE was unevenly distributed across genes. In HLA-A, we found nine 

ASE cases, whereas in HLA-B, and HLA-C there were only six cases. Among class II 

genes, HLA-DQB1 had eleven ASE cases, HLA-DRB1 had seven, HLA-DQA1 had four, 

and HLA-DPB1 had two. In HLA-DPA1 we did not find any HLA ASE cases. To evaluate 

the association between HLA ASE loss and PFI and OS, we checked the length of PFI 

and OS for the patients exhibiting HLA ASE in their samples. Out of the 17 samples with 

HLA ASE, in 13, the patient’s PFI was longer than 12 months. Additionally, the median 

OS of the patients with ASE loss (28 months) was slightly shorter than the median OS of 

all HGSC patients in the cohort (30.3 months). Together these results suggested that at 

the mRNA-level HLA ASE loss does not affect the patient’s prognosis. 
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5.4 HLA allelic imbalance (Publications I, III) 

In publication I, we analyzed allelic imbalance between heterozygous allele pairs by 

calculating the proportion of HLA allele expression out of the gene expression attributed 

to the less expressed allele. By using this ratio, we explored allelic imbalance in eight 

genes (HLA-A, -B, -C, -DRB1, -DPA1, -DPB1, -DQA1, and -DQB1). Our results revealed 

that the highest level of allelic imbalance was found in HLA-C, -DPB1, -DQA1, and -

DQB1 genes. In contrast, very little allelic imbalance was found in HLA-DRB1. Our 

results indicate that even in PBMCs from healthy blood donors, the allelic imbalance 

varies between different HLA genes.   

In publication III, we had access to samples acquired from different tissues and treatment 

phases from the same individuals. To compare intra-patient HLA allelic imbalance, we 

selected six patients, for whom at least four samples from the four anatomical sites 

(ascites, mesenterium, omentum, and ovary) were available. Allelic imbalance in 

heterozygotes was calculated in the same manner as in publication I. We found that the 

expression of certain HLA alleles varied between different anatomical sites and treatment 

phases. What was more surprising was that the patients with the most prominent allelic 

imbalance, carried at least one of the common autoimmune haplotypes: DRB1*03:01-

DQA1*05:01-DQB1*02:01 and DRB1*04:01-DQA1*03:01-DQB1*03:02, whereas the 

other patients did not. Our findings in publication III, suggest that there is more variation 

in allelic imbalance than was seen in publication I with different HLA genes. 
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6 DISCUSSION  

6.1 The impact of NGS in HLA research 

NGS has had a massive impact on HLA research as it provides both accurate, high-

throughput method for high-resolution HLA genotyping. Whereas the more conventional 

HLA typing methods were based on the sequencing of only a few exons, NGS allows the 

sequencing of full HLA genes cost-effectively. This technology has been quickly adopted 

in clinical laboratories, where high-throughput methods are required to handle large 

sample sizes at once. Although many of the current academic and commercial HLA 

genotyping methods rely on short-read technology, such as Illumina, long-read 

technologies may offer benefits such as the ability to resolve ambiguous results with long-

read alignment and faster HLA genotyping results with real-time sequencing. In addition 

to accurate HLA genotyping, RNA-seq methods have enabled comprehensive expression 

quantification of HLA genes and alleles. This has fueled investigation of the role of HLA 

expression in human diseases and the development of novel immunotherapies. 

Additionally, RNA-seq has given rise to bioinformatics applications in HLA research, 

leading to the development of several sophisticated computation tools for HLA 

genotyping and expression quantification. Despite these undeniable advantages that novel 

NGS technologies have brought about, the constantly increasing variety of identified 

HLA alleles poses challenges to accurate HLA genotyping and expression quantification, 

which need to be addressed in the near future. This thesis provides examples and proof 

of how different RNA-based NGS technologies can be used for various applications such 

as HLA genotyping using ONT long-read technology and allele-level expression 

quantification from various tissues. 

6.2 The performance of ONT sequencing in HLA 

genotyping 

Over the past few years, long-read technologies such as ONT and PacBio have 

revolutionized HLA research. Although they still produce less data compared to 

Illumina’s high-throughput technology, their data yields are continuously increasing. 

Especially with ONT, the technological development has been fast. In less than ten years, 

ONT has released several improvements for the nanopore and motor protein, which are 

the key components in ONT sequencing. Additionally, the sequencing software and base 

calling pipelines are constantly being evaluated and improved as more data comes 

available. At the beginning of this thesis in 2015, long-read technologies were not yet 
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commonly used in HLA research. In fact, there had been only one study, where ONT was 

applied to explore HLA variants and haplotypes (328). This is not surprising since ONT’s 

first sequencer, MinION, had only been launched a year earlier. Since ONT’s long-read 

technology offers multiple benefits to HLA research, our aim was to apply it to HLA 

typing. While many of the existing NGS methods using short-read technologies were 

designed for genomic DNA, we decided to test ONT’s technology in RNA-seq-based 

HLA typing.  

To generate ONT RNA-seq libraries, which would in the future studies also enable 

potentially parallel expression quantification, we applied a 5’ end RNA-seq approach, 

where a 10 bp UMI was incorporated into the 5’ end of the cDNA molecule during the 

template switching step. Although alignment against the genome or transcriptome with 

long reads is more accurate compared to short reads and lower coverage in sequencing 

could suffice for accurate HLA typing results, we included an enrichment step in the 

library preparation workflow to ensure sufficient coverage for HLA genes. At the time of 

the study II, ONT did not provide any sequence capture kits, so we selected an enrichment 

method based on PCR amplification, where specifically designed 3’ end HLA gene-

specific primers were used to generate HLA amplicons. Prior to sequencing, we added 

sample-specific barcodes, which allowed us to multiplex several individuals and HLA 

genes together and thus, reduce sequencing costs. Since ONT was still relatively new 

technology in the HLA field, the major obstacle was to find an HLA typing program 

validated for ONT RNA-seq data. At the time, there were already computational tools 

capable of HLA typing from RNA-seq data, such as seq2HLA (96), HLAminer (12), and 

HLAforest (209). However, all of them were designed for short reads and were 

incompatible with ONT data. Thus, we decided to perform HLA typing using SeqPilot 

software, which had been applied earlier to genomic HLA-B amplicons produced with 

ONT sequencing (329). Additionally, due to the difficulties of detecting the UMI from 

the ONT reads, we only focused on HLA genotyping. 

To eliminate at least some of the sequencing errors, only ONT’s high quality 2D data 

were included in the analysis. Although ONT’s long reads perform better in the 

alignment, any sequencing errors at the polymorphic sites in the HLA alleles would 

reduce typing accuracy. Additionally, low-quality reads would have been discarded in the 

SeqPilot’s quality filtering step. Prior to ours, there had already been several studies 

investigating NGS data’s suitability for HLA typing. Although some of the methods and 

tools clearly performed better in inter-tool comparisons than others, none of them was 

able to give perfect results with 100% accuracy (322,330). Importantly, it appeared that 

the highest accuracy in allele assignment was achieved when typing results from several 

pipelines were combined to create consensus results (322). Since at the time of study II, 

no previous attempts had been made to apply ONT’s RNA-seq data in HLA typing, we 

were not able to directly compare the performance of our methods to other similar ones. 
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However, it was evident from the earlier studies that RNA-seq data was suitable for HLA 

typing (12,96,209). For instance, seq2HLA had accurately called 2-field HLA types 

achieving 100% specificity and 93.5% sensitivity (96). Similarly, HLAminer exceeded 

the 95.7% mark for both specificity and sensitivity. (12) Additionally, HLAforest  

predicted correct types at 2-field level in 93% of the cases (209). Our ONT RNA-seq data 

together with SeqPilot software did not perform as well as e.g. seq2HLA since it was able 

to call only 80% of class I alleles and 95% of class II alleles at the 2-field resolution level 

or higher.  

There can be numerous reasons for the differences in performance:  the different data 

type, sequencing platform, and data analysis pipeline for HLA typing. Additionally, these 

programs were specifically designed and validated for RNA-seq data, whereas SeqPilot 

was not. Additionally, while Illumina’s error rate in sequencing is approximately 0.1% 

(134), with ONT’s R9.4 chemistry used in study II, the error rate of 2D reads was 

generally around 10% (152), diminishing accurate allele assignment. There can be also 

other factors affecting the typing results. Although the primers were designed to fit in 

non-polymorphic sites of HLA genes, there is always the possibility for imbalanced 

amplification between distinct alleles. Additionally, our data showed that the sequencing 

depth in exons 1, 2, and 3 in class I genes was low. However, this did not occur in class 

II genes. Since most of the polymorphism between different alleles are located in exons 

2 and 3, it appears that we were not able to obtain typing results for some samples due to 

the low coverage spanning the vast majority of the polymorphic sites. This is in line with 

other studies, which demonstrated the importance of adequate coverage to obtain accurate 

genotyping results in genomic ONT data (187,216,331). One possible explanation for the 

low coverage in exons 1, 2, and 3 could be the insufficient efficacy of the RT enzyme to 

transcribe longer transcripts of class I molecules. In the second part of study II, the 

concordance between ONT RNA-seq and Luminex SSO-PCR was assessed with the 

results indicating 94% concordance for class I genes and 99% concordance for class II 

genes at the 2-field level. The lower concordance in class I could be due to the lower 

sequencing depth of exons 1, 2, and 3, which hampered typing accuracy. When RNA-seq 

is applied to HLA typing, there are several factors, which can affect accurate allele 

assignment. For instance, in contrast to genomic data, with RNA-seq the accuracy of the 

results is affected by the rate of transcription. While not all alleles are expressed at similar 

levels, some of the low-expressed alleles could be missed due to allelic imbalance 

potentially leading to false homozygous results. Additionally, the differential HLA gene 

expression between distinct tissues could make accurate HLA calling challenging in 

tissues, where HLA expression is low. Moreover, it can be difficult to obtain reliable 

HLA typing results from cancer tissues due to the downregulation of HLA expression and 

HLA LOH (332). 
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6.3 The potential of long-read technologies in HLA 

research 

While we were not able to obtain accurate HLA calls for all samples, it still seemed that 

ONT’s RNA-seq would offer a promising option in HLA typing. Since study II, multiple 

academic and commercial pipelines for ONT genomic data have been developed  

(215,333,334). As the number of RNA-seq-based HLA typing tools has also increased in 

recent years (14–16), it is only a matter of time when new or existing software will be 

validated for ONT RNA-seq data as well. The high error rate in long-read technologies 

has most likely hindered the development of HLA typing tools. However, now that the 

accuracy of both ONT and Pacbio has increased through multiple improvements in the 

technologies it should not be an insuperable issue anymore. Additionally, long-read 

specific error-correction tools have advanced rapidly further improving the read quality 

(335). Thus, it is expected that also several accurate and sophisticated HLA typing tools 

for long-read RNA-seq data will become available in the future. Since ONT offers 

multiple benefits from low sequencing costs to real-time sequencing, it is an interesting 

option in clinical HLA typing as well. As it allows simultaneous data analysis during the 

sequencing run, it outperforms all the other platforms when fast HLA typing results are 

required. Also Illumina has recently invested in long-read technology, which could 

resolve highly polymorphic regions like the MHC. In September 2022, the company 

presented Illumina Complete Long-Read technology with the ability to produce over 30 

kb long reads (336). 

As we demonstrated in study II, ONT indeed holds great promise for RNA-seq. With the 

growing interest in HLA allele-specific expression, ONT would be a valuable option for 

HLA expression quantification alongside Illumina. In fact, since our study, ONT RNA-

seq has been applied to HLA allele-specific expression quantification (242). Similarly to 

our library preparation workflow, this study also incorporated UMIs to reduce potential 

PCR amplification bias and to obtain accurate expression profiles for alleles. Although, 

expression quantification is not currently included in donor selection, ONT RNA-seq 

could also be beneficial in the clinical setting by allowing fast HLA typing and 

simultaneous expression quantification, thus enabling the selection of the best possible 

match for the patient. 
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6.4 Differential HLA expression in PBMCs 

Although the role of accurate donor-patient matching has been extensively studied in 

organ transplantation and HSCT, it was only relatively recently that the field started to 

pay attention to how HLA allele-specific expression influences the outcome of HSCT. In 

2014, a first study was published, where protein-level results showed that differential 

expression of HLA-C alleles between the donor and recipient provoked acute GvHD and 

increased the patient’s mortality (28). That same year, another study reported differential 

allele-specific mRNA expression in HLA-C gene using qPCR (237). A year earlier, two 

independent studies had linked high HLA-C expression with improved HIV control using 

qPCR and FACS (20,256). Additionally, higher expression levels were detected with a 

protective HLA-DQB1 allele in follicular lymphoma with qPCR (23). Around the same 

time, the first computational tools capable of accurate HLA typing using RNA-seq data 

were published (12,96,209). It seems that due to the pioneering bioinformatics tools and 

the first studies revealing significant associations between HLA allele-specific expression 

and human diseases really fueled research on HLA expression in the mid-2010’s. 

However, at the beginning of this thesis, there still was no RNA-seq based method 

available for HLA allele-specific expression quantification. Thus, we developed a cost-

effective method in study I, using UMIs to provide accurate molecule counting at the 

HLA allele-level. Our approach consisted a novel library preparation workflow, which 

was based on the earlier published STRT method (337).  

The library preparation workflow consisted of two parts, with one part utilizing full-

length cDNA, while the other part was based on the enrichment of HLA genes using gene-

specific primers resulting in HLA amplicons. To reduce biases merging from imbalanced 

PCR amplification, we carefully designed the gene-specific primers to fall in non-

polymorphic regions within HLA genes. Additionally, our method included a specific 

data analysis pipeline capable of assigning RNA-seq reads to specific alleles and counting 

the unique UMIs per alleles. Although accurate library preparation workflow is crucial 

for unbiased and reliable results, a precise bioinformatics tool is equally important for 

accurate expression quantification. By incorporating 10 bp UMIs into our sequencing 

libraries, we were able to distinguish PCR duplicates, thereby improving the accuracy of 

expression quantification. While HLA allele-specific expression is an interesting target 

in distinct tissues and diseases, we decided to use PBMC samples from healthy blood 

donors to investigate possible differential HLA expression in the absence of severe 

illnesses, such as cancer, infection, and inflammatory diseases, possibly altering HLA 

expression. With this novel method and pipeline, we were able to quantify both the HLA 

gene- and allele-specific expression from 50 PBMCs. 
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Since HLA expression was clearly an interesting topic and RNA-seq had just enabled a 

comprehensive expression quantification method for multiple genes in parallel, several 

independent studies began to emerge where different computational tools and library 

preparation methods were applied to the quantification of HLA expression (16,203,217). 

However, none of them used UMI counting in their expression quantification. Our results 

with the 50 PBMC samples confirmed the earlier findings that HLA class I was expressed 

at higher levels than class II (16,203,217,233). In line with the other studies, we also 

observed differential HLA gene-level expression between and within individuals. 

However, there were some discrepancies compared with other studies. We observed that 

HLA-B and HLA-C were almost equally expressed, whereas the expression of HLA-A was 

at a lower level. It seems that there are either population-level differences or 

methodological variance affecting HLA class I gene expression since previous studies 

have reported different expression levels for HLA-A, -B, and -C. For instance, Boegel et 

al. observed that all of them were equally abundant on the transcript level (233). In 

contrast, Aguiar et al. reported that HLA-A and HLA-B were equally expressed, whereas 

HLA-C was expressed at a lower level. In two other studies the order of gene-level 

expression was HLA-B > HLA-C > HLA-A (203,243). Similarly, different studies have 

reported variation in the expression levels for different class II genes. In study I, we 

observed the expression of these genes in the following order HLA-DRB1 > HLA-DRA > 

HLA-DPA1 > HLA-DPB1 > HLA-DQB1 > HLA-DQA1, which is consistent with Boegel 

et al. (233). However, our results were not concordant with those of Aguiar et al. (16), 

where HLA-DQA1 was expressed at a higher level than HLA-DQB1. Additionally, in a 

study by Yamamoto et al. (203), the expression of HLA-DRA was higher than the 

expression of HLA-DRB1. They also reported higher expression for HLA-DPB1 than for 

HLA-DPA1. Moreover, in the study of Cornaby et al. (242), the order of expression levels 

was HLA-DRB1 > HLA-DPB1 > HLA-DPA1 > HLA-DQB1 > HLA-DQA1, which is 

concordant with our findings except for HLA-DPB1 and HLA-DPA1. Similarly to class I 

genes, these inconsistencies in expression levels, might be due to the several factors such 

as the population demographic differences, sample and tissue source, different library 

preparation and data analysis methods.  

While our method was advantageous in expression quantification in many ways 

compared to the more conventional ones such as qPCR and FACS, it did not take into 

account regulatory factors affecting differential HLA expression. Since polymorphisms 

in 5’ and 3’UTR regions can affect the level of HLA expression (234,235,240,248,338), 

it would be an important aspect for future studies to understand both the polymorphisms 

and molecular mechanisms regulating HLA gene- and allele-level expression. 

Additionally, it is not certain how well the expression at the transcript level correlates 

with the protein level on the cell surface. Thus, further studies should investigate this to 

help us understand how accurate protein expression predictions can be made from RNA-

seq data.  
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6.5 HLA allele- and haplotype-specific expression 

Since several independent studies had already reported associations between either single 

HLA gene or allele and different human diseases, study I aimed to provide a 

comprehensive method for the accurate quantification of HLA allele-specific expression. 

The results from this study revealed high allele-specific expression in all HLA genes 

included in the study. When the alleles were stratified to low-expressed and high-

expressed alleles, our results were partly concordant with other studies (16,203,217,243), 

suggesting possible allele-specific expression regulation for the alleles with steady 

expression across distinct studies. Interestingly, the inter-allelic variance was not equal 

for all genes since the differences in HLA-A, HLA-B, and HLA-DRB1 were less 

pronounced compared to HLA-C, HLA-DPB1, HLA-DQA1, and HLA-DQB1. This finding 

is concordant with the other similar studies (16,203,242) and at least for HLA-A and HLA-

B could result from coordinated class I expression at the individual-level (243). Since 

HLA class I genes are expressed on the surface of nearly all nucleated cells, it could be 

beneficial to keep their expression levels relatively constant between distinct alleles. 

Extreme variation in expression between two alleles of a given gene could potentially 

diminish the immunity since heterozygote advantage provides stronger protection against 

pathogens. However, in HSCT, low expression of certain alleles could be beneficial. 

Since, 12/12 matching in donor selection can be difficult, it has been suggested that low-

expressed alleles could be considered as permissible mismatches (29). These tolerated 

mismatches could increase the possibility of finding a suitable donor for the patient. Thus, 

depending on the perspective, the high allelic imbalance between alleles could be either 

beneficial or harmful. While we did not investigate the correlation between different HLA 

genes at the individual-level, another recent study demonstrated coordinated class I 

expression (237) 

In addition to the inter-allelic variation, the expression of an allele can vary between 

individuals. An earlier study recently discovered that this inter-individual variance was 

higher for class II genes (203). Although, this aspect was not specifically investigated in 

study I, it appears that in our data the inter-individual variation was not focused on certain 

genes, but rather on specific alleles. One possible explanation at least for the class II 

variation between individuals is differences in cell composition. We used PBMCs in 

study I but did not estimate their cellular contents. Thus, it is likely that some of the inter-

individual variation results from different immune cell numbers between the samples. 

With the novel decomposition tools for bulk RNA-seq, it is now possible to estimate cell 

composition as well as the distributions of immune cell subtypes (325,339–341) enabling 

correlation analyses between HLA expression and cell composition. Moreover, there may 

be other factors affecting HLA allele-specific expression such as infection status, age, 

medication, activation status, and polymorphism in the 5’ and 3’ UTRs. While it might 

be challenging to consider all of them in HLA expression analysis, it is definitely worth 
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it to include as many of them as possible to offer us a better understanding of the 

mechanisms behind the differential allele-specific expression. 

In addition to HLA allele-specific expression, study I evaluated the expression levels of 

six common Finnish HLA class II haplotypes. In this analysis, we discovered differential 

expression of HLA class II between haplotypes. This result was concordant with the 

previous studies reporting an association between  HLA gene expression and the diversity 

of MHC haplotype sequence (342,343). Our data included two common autoimmune 

haplotypes, which are both associated with celiac disease, type I diabetes, and many other 

diseases. The HLA class II expression of these two haplotypes differed significantly, 

which could indicate that haplotype-level expression is not a shared autoimmune risk 

factor for these haplotypes. At the allele-level the celiac disease risk alleles: DQA1*05:01 

and DQB1*02:01 were both expressed at low levels. Two other studies have also reported 

these alleles as low-expression level alleles (16,203). Thus, it was an interesting finding 

that in celiac disease patients, these two alleles were expressed at higher levels compared 

to the healthy controls (273). This result suggests that the disease or its triggering agents 

may alter HLA allele-specific expression. Whether and how much various autoimmune 

diseases can change HLA allele- and haplotype expression compared to the healthy 

controls should be investigated in the future. At least HLA allele- and haplotype-specific 

expression should be interpreted with caution as the classification of distinct alleles to 

low-expressed and high-expressed alleles might not be reliable in the presence of an 

underlying disease.  

Although only cDNA data was used in the present analyses, our method also included the 

HLA amplicon approach. To investigate how well our HLA gene-specific primers 

managed to enrich distinct alleles, we compared allele ratios between Illumina cDNA and 

amplicon data. While this comparison showed that both approaches were able to quantify 

the allele-specific expression differences, we found varying correlation between different 

genes, suggesting possible imbalanced PCR amplification due to differences in primer 

efficacies. Nonetheless, since the allele ratios showed promising correlations for most of 

the genes, by improving the primer design, the targeted amplicon approach could offer a 

valuable and cost-effective option for the cDNA approach.  

6.6 Dynamic HLA expression in HGSC 

While studies I and II were focused on healthy PBMCs, the aim of study III was to 

investigate HLA expression in cancer. Over the past few years, RNA-seq has 

revolutionized cancer research with its novel applications ranging from single cell 

technologies to spatial transcriptome approaches. By using RNA-seq, aspects such as 
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cancer heterogeneity, drug resistance, TIME, and cancer antigens have been explored. 

RNA-seq has also allowed the study of HLA expression in various cancer types, resulting 

in the identification of potential biomarkers to predict clinical tumor characteristics and 

the patient’s prognosis. Recently two independent pan-cancer studies investigated HLA 

gene-specific expression across 33 different cancers (26,27). Additionally, there have 

been studies focusing on the association between HLA expression and OS and 

progression free survival (PFS) in single cancer types. In the beginning of study III, there 

was little information available on HLA expression in HGSC since many of the studies 

were focused on studying the interplay between tumor cells and TIME and transcriptome 

profiling of this disease (325,344–347). However, since strong HLA expression is crucial 

for antitumor immunity and several T-cell-based immunotherapies, it should not be 

overlooked. Due to the high mortality in HGSC, despite the debulking surgery and 

chemotherapy as treatment options, there is an urgent need for more effective novel 

therapeutics, and one such could be immunotherapy. The response rates to immune 

checkpoint inhibitors  have been low in ovarian cancer and biomarkers such as expression 

of programmed death-ligand 1, tumor mutational burden, and TILs infiltration have not 

been successful in predicting potential resistance to this therapy (348). Thus, HLA 

expression could be considered in patient selection, at least for HLA-dependent 

immunotherapies.  

To gain an overview of the HLA expression levels in HGSC, we used a bulk RNA-seq 

data from ovarian tumors, different intra-abdominal sites, and ascites fluid collected prior 

and after the treatment and in relapse. Although a pair-wise comparison within an 

individual was not possible, these data still allowed us to study tissue-specific expression 

as well as the effect of chemotherapy on HLA expression. To our knowledge, this was 

the first study investigating HLA class- and gene-level expression in various anatomical 

sites in HGSC. Our results showed differential HLA gene-specific expression focusing 

on non-classical genes between different anatomical sites. As expected, and in line with 

previous findings (233), the highest expression was found in the lymph nodes. Since the 

cell composition in tumor samples can affect HLA expression, we compared the HLA 

expression levels with the amount of EOC cells, fibroblasts, and immune cells and found 

that high HLA gene expression positively correlated with a high number of fibroblasts 

and immune cells in multiple anatomical sites. Especially for HLA class II genes, these 

results are expected, since in normal circumstances class II genes are expressed primarily 

on APCs. Additionally, it is known that cancer-associated fibroblast are capable of 

presenting tumor antigens using HLA molecules (349,350). In contrast, we found a strong 

negative correlation between low HLA level of expression and a high number of EOC 

cells suggesting a low HLA expression in tumor cells. High HLA-DR protein-level 

expression on individual EOC cells has, however, been reported in the absence of 

infiltrating professional APCs (24). While a previous study had shown association 

between a high level of HLA class I protein expression and improved OS (290), we did 
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not find significant associations between HLA expression and PFI or OS. This indicates 

that HLA mRNA-level expression does not predict these characteristics in HGSC. 

Additionally, there was no association between HLA ASE loss and OS and PFI. It could 

be that the bulk RNA-seq data hinders the discovery of downregulation of HLA 

expression or HLA ASE loss due to the varying tumor purities in samples, thus masking 

the associations with PFI and OS. There can also be other factors compensating HLA 

ASE loss e.g. while downregulation and loss of HLA may enable tumor cells to escape 

immune surveillance, they also activate NK cell -mediated killing (111). 

In study III, we investigated chemotherapy’s effect on HLA expression by comparing the 

expression levels in samples collected before and after chemotherapy. Prior to our study, 

there had been conflicting reports on how chemotherapy affects HLA expression. At the 

protein-level, chemotherapy was shown to decrease HLA class I expression in ovarian 

tumors (351), whereas another study reported increased expression of class I classical and 

non-classical genes in EOC cells after treatment with a chemotherapy agent, carboblatin 

(352). Interestingly, we discovered that in the omentum, HLA class II expression was 

increased, whereas in ascites, mesenterium, and in the ovary it did not elevate the 

expression. We are not certain what could cause the differential effects between distinct 

anatomical sites, however, it may be related to the changes in the cell composition and 

tumor purity. In ascites, mesenterium, omentum, and in the ovary, there was a decreasing 

trend in the number of EOC cells after chemotherapy, which could be associated with 

increased HLA expression at least in omentum. Moreover, our data comprised of unpaired 

samples, so it is clear that there can be certain inter-individual effects affecting HLA 

expression levels before and after treatment in distinct anatomical sites. Further 

prospective studies focusing on paired samples are needed to accurately determine how 

HLA expression changes between different tissues and treatment phases preferably 

studying the expression in different cell types. Using intra-patient analysis in study III, 

we discovered both differential gene and allele-level expression and distinct profiles for 

cell composition and immune cell subtypes between the samples within patient. Our 

results are in line with an earlier study reporting heterogeneous TIMEs across different 

metastatic sites within an HGSC patient (345). The dynamic HLA ASE, where the 

expression between two alleles within a given gene changes over time, has been described 

only once before our study (244). The changing allelic imbalance between distinct tissues 

and treatment phases indicates that there are potential underlying factors affecting allele-

specific expression. There are some studies reporting the effect of expression quantitative 

trait loci (eQTLs) on HLA expression (16,243). However, the small number of samples 

has hampered variant detection, and thus, the consensus is that larger sample sizes are 

required to accurately identify eQTLs responsible for allele-specific expression. Since the 

HLA-community has already successfully contributed to the study of HLA expression by 

providing novel methods and pioneering computational pipelines, it may now be time to 

turn the page and set our sights on HLA expression regulation. 
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7 CONCLUSIONS AND FUTURE PERSPECTIVES 

This thesis offers novel insights into the use of RNA-based NGS technologies in HLA 

research and applications such as HLA genotyping and expression quantification. In study 

I, a highly multiplexed RNA-seq method was developed to quantify both HLA gene- and 

allele-specific expression. To reduce PCR amplification bias and to provide accurate 

molecule counting, UMIs were incorporated into the library preparation. By applying this 

method to PBMC samples, we were able to detect differential HLA expression at the 

gene- and allele-level. The allele-level results revealed distinct inter-allelic expression 

profiles and this variation differed between different genes. Moreover, we found HLA 

class II expression levels to differ between class II haplotypes. Two common autoimmune 

risk haplotypes, DR3 DQ2 and DR4 DQ8, differed significantly in terms of their 

expression levels indicating that the expression level as such is not the disease risk factor. 

Our method can readily be applied to the study of HLA allele-specific expression from 

various tissues and diseases, as well as to transplantation donor-recipient matching.  

To study the potential of long-read technologies in HLA genotyping, in study II, we 

developed an RNA-based library preparation workflow able to multiplex several samples 

and HLA genes to be sequenced in a single sequencing run. This was the first time that 

ONT RNAseq technology was tested in HLA genotyping. By using ONT 2D data together 

SeqPilot software, we obtained high-resolution genotyping results for 80% of HLA class 

I alleles and 95% of HLA class II alleles. While our genotyping results were not perfect, 

they were still promising in terms of further development. With the current and future 

improvements in the ONT sequencing accuracy, ONT may offer an alternative to short-

read technology-based HLA genotyping, particularly because it provides benefits such as 

direct RNA-sequencing free from PCR amplification biases and real-time sequencing 

allowing fast genotyping e.g. in organ transplantation.  

In study III, we investigated HLA expression in ovarian tumors, various intra-abdominal 

sites, and ascites fluid prior and after the chemotherapy in HGSC patients. Our results 

showed differential HLA gene-level expression between distinct tissues, however, the 

differences were not statistically significant. Additionally, we discovered that 

chemotherapy increased HLA class II expression in the omentum but not in ascites, 

mesenterium, or in the ovary. In various tissues, there was a strong positive correlation 

between HLA expression and the number of immune cells and fibroblasts in the samples. 

In contrast, the amount of tumor cells negatively correlated with HLA expression. 

Although HLA expression has been a prognostic factor in several other cancers, we did 

not find any association between HLA expression and PFI and OS. Additionally, HLA 

ASE loss did not affect patients’ prognosis. Our intra-patient comparison revealed highly 

heterogeneous cell composition and immune cell profiles within the same patient. 
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Moreover, we found varying gene expression levels and changing allelic imbalance for a 

given gene between distinct samples from in patients.  

In the past few years, there have been already a handful of studies investigating HLA 

allele-specific expression. However, all these studies have focused on either PBMCs or 

LCLs. Thus, more studies are required to determine the effect on different stimuli, tissue, 

cellular niche, and diseases on HLA allele-specific expression. It is not clear whether 

HLA expression levels remain stable, as no longitudinal sample sets from the same 

individuals have been studied systematically. Furthermore, future studies should also pay 

attention to accurate identification of regulatory elements affecting HLA expression. 

Finally, since the transcription level might not reflect the true HLA expression status on 

the cell surface, correlation between mRNA levels and protein levels should be explored. 

This could enable the development of prediction tools for HLA protein-level expression, 

which could be useful in HSCT and in patient selection for immunotherapies. 
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The HLA gene complex is the most important single genetic factor in susceptibility to most 
diseases with autoimmune or autoinflammatory origin and in transplantation matching. 
Most studies have focused on the vast allelic variation in these genes; only a few studies 
have explored differences in the expression levels of HLA alleles. In this study, we 
quantified mRNA expression levels of HLA class I and II genes from peripheral blood 
samples of 50 healthy individuals. The gene- and allele-specific mRNA expression was 
assessed using unique molecular identifiers, which enabled PCR bias removal and 
calculation of the number of original mRNA transcripts. We identified differences in 
mRNA expression between different HLA genes and alleles. Our results suggest that 
HLA alleles are differentially expressed and these differences in expression levels are 
quantifiable using RNA sequencing technology. Our method provides novel insights into 
HLA research, and it can be applied to quantify expression differences of HLA alleles in 
various tissues and to evaluate the role of this type of variation in transplantation matching 
and susceptibility to autoimmune diseases. 

Keywords: HLA, allele-specific expression, RNA sequencing, unique molecular identifiers, gene expression 

INTRODUCTION 

The highly polymorphic human leukocyte antigens (HLA) are crucial in presentation of self, non-
self and tumor antigens to T cells, and play an important part in autoimmunity and infection 
responses, as well as in organ and hematopoietic stem cell transplantation (HSCT). In the thymus 
and bone marrow, the HLA molecules presenting self-derived peptides to maturing T- and B-cells 
induce the central tolerance. The classical HLA genes are divided into two classes. HLA class I genes 
including HLA-A, HLA-B, and HLA-C are expressed on the surface of all nucleated cells, whereas 
the expression of class II genes; HLA-DR, HLA-DQ, and HLA-DP is restricted to professional 
antigen presenting cells (1, 2). Recent studies have reported varying expression levels of HLA alleles 
based on the quantitative polymerase chain reaction (qPCR) (3–9) and the mean fluorescence 
intensity (MFI) (10, 11). The differential expression of HLA genes and alleles has been associated 
with immunologically mediated diseases, such as Crohn’s disease (7) and HIV (11, 12), follicular 
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lymphoma (9), lung cancer (13), ovarian cancer (14, 15), and the 
outcome of HSCT through the increased risk of graft versus host 
disease (GvHD) (5, 10, 16). In addition to allele-specific 
differences in the constitutive expression, a recent study also 
found HLA allele-specific expression to vary during T cell 
activation (17). These differences in HLA expression may 
partly explain the susceptibility to autoimmune diseases, tumor 
invasion, and infections. In HSCT, the incompatibilities between 
the donor and the recipient have made the expression differences 
of HLA molecules an interesting target for finding permissive 
mismatches. Although currently only qualitative HLA typing is 
considered in donor selection, techniques based on RNA 
sequencing (RNA-Seq) can be used to determine differences in 
HLA  expression  that  may  influence the outcome of 
the transplantation. 

In the past years, next generation sequencing (NGS) has enabled 
the rapid development of several novel high-throughput HLA 
typing methods on different sequencing platforms (18–25). Unlike 
genomic DNA based applications, RNA-Seq provides 
comprehensive gene expression information in addition to HLA 
allele calling. Several existing tools (26–29) have been developed to 
perform HLA typing from short RNA-Seq reads using whole 
transcriptome data. In addition, multiple existing computational 
tools enable HLA expression quantification from RNA-Seq data. A 
tailored gene quantification pipeline was applied to publicly 
available RNA-Seq datasets to obtain expression estimates from 
different cancer cell lines (30) and 56 normal tissues and cell types 
(31). A different computational pipeline provided both gene-level 
and allele-level expression estimates (32), and an alternate reference 
was used to generate gene-level and haplotype-level estimates of 
transcript abundance (33). Additionally, a method with capture 
probes together with RNA-Seq was used to quantify HLA allele-
specific expression from 161 peripheral blood mononuclear cells 
(PBMCs) and 48 umbilical cord blood cells (34). In comparison to 
qPCR and fluorescence-based methods, RNA-Seq is less laborious 
and time-consuming. However, it has its own challenges. With over 
27,000 different HLA alleles reported by the IPD IMGT/HLA 
database (Release 3.41.2, https://www.ebi.ac.uk/ipd/imgt/hla/), a 
precise identification of HLA alleles from short-read NGS data is 
challenging. The highly polymorphic and homologous nature of 
HLA genes often leads to ambiguous results in the allele assignment. 
Additionally, in HLA expression quantification short RNA-Seq 
reads may  cause bias by mapping  to  several HLA  alleles or even  
several genes (35). This may lead to a situation where many reads 
aligning to multiple alleles are excluded from the analysis. There are 
some ways to overcome this problem. One option to avoid multi-
mapping reads is to use longer sequencing reads to cover more 
polymorphic positions between different alleles. Longer reads are 
unlikely to align multiple positions and hence make the alignment 
more accurate. Another is to use a sample-specific HLA  reference in  
the expression quantification step. A reference, which contains only 
the known alleles will drastically reduce the number of alleles where 
a read can align. In addition to RNA-Seq reads mapping to multiple 
locations, PCR duplicates can also cause bias in the HLA expression 
quantification. Several RNA-Seq methods have a PCR amplification 
step in the library preparation protocol to expand the starting 

material. The problem is the potential differences in the 
amplification efficacy, which may lead to overrepresentation of 
some molecules (36, 37). By incorporating unique molecular 
identifiers (UMIs) in the library preparation as molecular 
barcodes, it is possible to distinguish PCR duplicates derived from 
a single molecule in the  data  analysis  step  (38). The number of UMI 
combinations must be high enough for all molecules in the starting 
pool to receive a different UMI (39). Both five and ten nucleotides 
long UMIs have proven to be efficient to correct the PCR-induced 
artifacts, and to accurately count only the original transcripts from 
RNA-Seq data (38, 40). 

Here, we describe a highly multiplexed RNA-based 
sequencing method using UMIs to quantify HLA gene- and 
allele-specific expression from PBMCs of 50 healthy blood 
donors. For accurate, high-throughput quantification of the 
expression levels of HLA genes and alleles, we developed a 
bioinformatics pipeline, written in R, based on counting of 
UMIs to distinguish original transcripts from PCR copies. 

MATERIALS AND METHODS 

Samples and RNA Extraction 
This study collected 50 healthy blood donor buffy coat samples 
with a negative HIV, HBsAg, and HCV status, which underwent 
an isolation of pheripheral blood mononuclear cells using Ficoll-
Paque™ Plus (GE Healthcare), Dulbecco’s Phosphate Buffered 
Saline DPBS CTS™ (Gibco life technologies), Fetal Bovine 
Serum FBS (Sigma) and SepMate™-50 tubes following the 
manufacturer’s protocol (Stemcell Technologies). The use of 
anonymized PBMCs from blood donors was conducted in 
accordance with the rules of the Finnish Supervisory Authority 
for Welfare and Health (Valvira). Cell count was measured from 
a mix of 50 μl of cell suspension in DPBS with 2% FBS, 50 μl of 
Reagent A100 lysis buffer, and 50 μl of Reagent B stabilizing 
buffer using a NucleoCassette and a NucleoCounter® NC-100™ 
(all chemometec). Total RNA was isolated from fresh PBMC 
samples containing 1–10 × 106 cells using RNeasy Mini kit and 
Rnase-Free DNAse Set (both Qiagen) within 2h after PBMC 
isolation. RNA samples were quantified and their purity was 
assessed with the Qubit™ RNA High Sensitivity Assay Kit in 
Qubit® 2.0 fluorometer (ThermoScientific). The RNA quality 
was checked using an RNA 6000 Pico Kit (Agilent Genomics) in 
a 2100 Bioanalyzer (Agilent Genomics) to obtain an RNA 
Integrity Number (RIN) score. 

Reverse Transcription by Template 
Switching and Target Amplification 
We used an adaptation of the STRT method to generate full 
length complementary DNA (cDNA) molecules from RNA 
transcripts (41). Briefly, the poly-A hybridization to the first 
strand cDNA synthesis primer was performed in a 96-well plate 
in a T100™ Thermal Cycler (Biorad) with 3 min at 72°C with 25 
ng of RNA, 1% Triton™ X-100 (Sigma), 20 μM of STRT-V3-
T30-VN oligo, 100 μM of DTT (invitrogen, life technologies, 
Thermo Fisher), 10 mM dNTP (Bioline), 4 U of Recombinant 
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RNase Inhibitor (Takara Clontech), 1:1,000 The Ambion® ERCC 
RNA Spike-In Control Mix (life technologies, Thermo Fisher) in 
a total volume of 3 μl. All oligos were from Integrated DNA 
Technologies and are listed in Table S1. Reverse transcription of 
the whole transcriptome was performed adding 3.7 μl of the RT 
mix containing 5× SuperScript first strand buffer (invitrogen by 
Thermo Fisher Scientific), 1 M MgCl2 (Sigma), 5 M Betaine 
solution (Sigma), 134 U of SuperScript ® II Reverse 
Transcriptase (invitrogen by Thermo Fisher Scientific), 40 μM 
RNA-TSO 10bp UMI, 5.6 U of Recombinant RNase Inhibitor 
immediately to each reaction. To complete the reverse 
transcription and the template switching, the plate was 
incubated 90 min at 42°C followed by 10 min at 72°C. In this 
reaction, every transcript receives a unique distinct barcode. 
After RT the cDNA was further amplified with 2× KAPA HiFi 
HotStart ReadyMix (Kapa Biosystems), 10 μM ImSTRT-TSO-
PCR with a thermal profile consisted of an initial denaturation of 
3 min at 95°C followed by 20 cycles of 20 s at 95°C, 15 s 55°C, 30 s 
at 72 and one cycle of final elongation of 1 min at 72°C in a final 
volume of 50 μl. Qubit™ dsDNA High Sensitivity Assay Kit 
(Thermo Fisher Scientific) was used to measure the 
concentration of all cDNA samples. The 3’ fragments of the 
cDNA were released in a restriction reaction using SalI-HH 
(New England Biolabs) according to the manufacturer’s 
protocol. The concentration of DNA was measured using 
Qubit™ dsDNA High Sensitivity Assay Kit and DNA integrity 
and the size distribution were assessed with High Sensitivity 
DNA Kit (Agilent Genomics). For HLA target enrichment one 
TSO-specific universal forward primer and eight gene-specific 
reverse primers with universal tails for amplicon sequencing 
were used to amplify exons 1 to 8 in class I genes HLA-A, -B, and 
-C or exons 1 to 5 in class II genes HLA-DRA, -DRB1, -DPA1, 
-DPB1, -DQA1 and -DQB1. HLA-A, -B, and -C had one common 
primer. All seven gene-specific primers were designed to fall 
within a non-polymorphic region using the known sequence 
diversity, as described in the international ImMunoGeneTics 
IMGT/HLA database (http://www.ebi.ac.uk/imgt/hla/). The 
amplification was performed in 96-well plates with 3 μl of 
template  cDNA,  10×  Advantage  2  PCR  buffer,  50×  
Advantage® 2 Polymerase Mix (Takara, Clontech), 10 mM 
dNTP (Bioline), 10 μM TSO forward primer and one of the 
seven HLA gene-specific reverse primers in a total volume of 15 μl. 
The PCR reaction consisted of an initial denaturation of 30 s at 
98°C following three cycles of 10 s at 98°C, 30 s at 55°C, 30 s at 
72°C and 27 cycles of 10 s at 98°C, 30 s at 71°C, 30 s at 72°C and 
final elongation of 5 min at 72°C. To confirm the amplicon 
lengths and non-specific amplification, 4 samples were selected 
from each plate with the amplification performed using different 
gene-specific primer. These samples were run on a 2% agarose 
gel (Bioline) with 10× BlueJuice™ loading dye (invitrogen by 
Thermo Fisher Scientific) in 0.5× TBE (Thermo Fisher Scientific) 
with the GelGreen™ (Biotium) and visualized using the Quick-
Load 1kb DNA Ladder (New England Biolabs). DNA of the PCR 
amplicons was quantified with the Qubit™ dsDNA High 
Sensitivity Assay Kit and the fragment sizes analyzed with 
Agilent’s High Sensitivity DNA Kit. 

Illumina Library Preparation and 
Sequencing 
For Illumina sequencing, all genes of 50 HLA amplicons were 
multiplexed per sample. 50 cDNA and 50 HLA amplicon 
libraries were prepared using the Nextera XT DNA Library 
Preparation Kit (Illumina). For an optimal insert size and a 
library concentration 600 pg of each cDNA and PCR amplicon 
sample was tagmented for 5 min at 55°C using 5 μl of Nextera’s 
Tagment DNA Buffer, 0.25 μl of Nextera’s Amplicon Tagment 
Mix in a final volume of 10 μl. The transposone was inactivated 
with 2.5 μl of Nextera’s Neutralize Tagment Buffer for 5 min at 
room temperature. The dual indexing and adapter ligation took 
place in a PCR reaction with 7.5 μl of Nextera PCR Master Mix, 4 
μl of nuclease-free water and 10 μM of i5 custom oligo and 10 
μM of Nextera i7 N7XX oligo using a limited-cycle PCR 
program: an initial denaturation 30 s at 95°C following 12 
cycles of 10 s at 95°C, 30 s at 55°C, 30s at 72°C with a final 
elongation step of 5 min at 72°C. After the amplification all 50 
cDNA and HLA amplicons samples were pooled together into 
two separate pools, one cDNA and one HLA amplicon pool. 
These two pools were then purified twice using the Agencourt 
AMPure XP beads according to the manufacturer’s instructions 
first with 0.6× beads:DNA ratio and then with 1× beads:DNA 
ratio and eluted in 30 μl. Qubit™ dsDNA High Sensitivity Assay 
Kit was used to quantify DNA and HT DNA HiSens Reagent kit 
and DNA Extended Range LabChip in LabChip GXII Touch HT 
(all PerkinElmer) to assess the size distribution of the libraries. A 
double size selection was performed with the Agencourt AMPure 
XP beads according to the manufacturer’s instructions to remove 
fragments over 1,000 bp (0.8× beads:DNA ratio) and under 300 
bp (0.6× beads:DNA ratio). Prior to sequencing the DNA 
concentration was assessed with Qubit™ dsDNA High 
Sensitivity Assay Kit HT DNA HiSens Reagent kit and the 
library size verified with HT DNA HiSens Reagent kit. The 
two pooled and barcoded libraries were denaturated with 0.2 M 
NaOH and diluted in the HT1 buffer to obtain a final library 
concentration of 20 pM in 0.95:0.05 cDNA : HLA amplicon ratio. 
The libraries were sequenced by using Illumina Nextseq 
sequencer with 300 cycles (NextSeq 500/550 v2) kits generating 
100 bp (read 1) and 200 bp (read 2) reads. 

Data Analysis 
Paired-end reads from cDNA and HLA amplicon libraries in 
fastq format underwent an UMI extraction using the UMI-tools 
(v0.5.11) (42), a quality control step using FastQC (43), and were 
quality trimmed using trimmomatic (v0.35). Processed cDNA 
library reads were aligned using HISAT2 (v2.1.0) (44) to the 
human genome (GRCh38) and assigned to genes according to 
the UMI-tools pipeline using featureCounts tool from the 
subread package (v1.5.3) (45). Samtools (v1.4) were used to 
sort and index BAM files and UMI-tools count tool to count 
the number of unique UMIs per gene. The set of 50 count files 
were then merged into a single count table using the Define NGS 
experiment tool in Chipster (v3.12.2) (46). 

To quantify HLA expression from RNA-Seq reads, we 
implemented the strategy of assessing allele-specific expression by 
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aligning reads, using LAST (47), to sample-specific personalized 
HLA references extracted from the IPD IMGT/HLA reference 
database. The personalized HLA references, which contain the 
reference sequences of all the HLA alleles specific for  a sample,  
were built based on the information from prior HLA typing. To 
retain all reads that originate from the HLA region, alignment 
results from separate alignment of R1 reads, R2 reads, and paired-
end alignment (using last-pair-probs) were combined. We selected 
LAST to allow optimal alignment with a relatively “permissive” 
initial step to collect all HLA originating reads. By changing the 
default parameters, we opted LAST, and performed the more strict 
read discrimination tasks in the latter steps. We used LAST with the 
parameters -s 2 -T 0 -l 50 -a 100 -Q 1 -i1, with a long minimum 
initial seed length of 50 to enforce strict long initial seed matching (-l 
50, the default last setting for this parameter was 1), and a very 
prohibitive cost for opening gaps to decrease the chance of any read 
with some similarity aligning to the references (-a 100, default 7). 
This first alignment step filtered out reads that do not map to any of 
the alleles in the personalized HLA reference for a sample. The set of 
reads that aligned to any of the alleles in the personalized reference 
were retained, and their UMIs and aligned portions along with their 
base qualities were extracted from the LAST output file (in MAF file 
format). UMIs were extracted from the read names of the aligned 
reads. These aligned reads were processed further as described next. 

The HLA aligning reads for a sample were first grouped by their 
UMIs, and each UMI (i.e, reads having the same UMI or UMIs that 
differ by at most 1 nucleotide, which are assumed to originate from 
the same transcript) were then evaluated separately for assignment to 
HLA alleles. The total number of UMI assignments or counts for 
each allele represent the estimated allele-specific expression after 
UMI deduplication. Prior to assigning the UMIs to HLA alleles, the 
key polymorphic sites between the alleles in the personalized HLA 
reference sequences were identified. First, by performing multiple 
alignment of the sequences (using msa R package) (48), and then 
obtaining the positions with high diversity (Shannon entropy index > 
0.5) from the consensus matrix of the sequences (generated using 
Biostrings v2.46.0 and ShortRead R packages) (49, 50). The 
corresponding bases at the polymorphic sites were identified for all 
alleles in the personalized reference. To assign each UMI to an HLA 
allele, the result from the LAST alignment was processed further. 
UMIs that have reads aligning to only one specific allele were 
counted to that allele so that each UMI is counted just once. For 
each UMI that has reads mapping to multiple alleles, the aligned 
portions of the reads from LAST are re-aligned to the personalized 
HLA reference sequences using overlap (end-to-end) alignment 
(pairwiseAlignment function of Biostrings R package). Then, a 
Bayesian based statistical model was used to assign the UMIs to 
one of the  reference alleles  as  follows.  The UMI’s likelihood of 
originating from each of the reference alleles, P(U|A), was calculated 
based on how well the reads of the UMI, from the end-to-end 
alignment, match the corresponding bases of each reference allele at 
the key polymorphic sites with: 

n 
P(U jAi) =  1 p(bkjAik) where ,  n  i s  number  of  key  n o 

k=1 
polymorphic sites covered by reads of the UMI, bk is the 
observed base at the key site k in U, Aik is the reference base at 

key site k for the reference HLA allele i, and U is the UMI. The 
probability of the observed base at each key position given an 
HLA allele was calculated as: 

1−e, if bk =Aikp(bkjAik) =  f , where e is base-specific sequence  e=3, if bk ≠Aik 

error given by e=10^(-q/10) and q is the sequencing quality of 
the base in phred score. 

The likelihood was calculated as the sum of the probabilities 
of the observed bases, p(b|A), assuming each covered key site (by 
the reads of the UMI) contributes 1/n of the total likelihood, 
which is considered to be an aggregate of only the key 
polymorphic sites covered by the reads of the UMI, n. A 
likelihood close to 1 suggests strong match between the UMI 
and the reference allele. UMIs were then assigned to the HLA 
reference allele with the highest likelihood, and counted once to 
that allele (i.e, are de-duplicated upon counting). The R script of 
this pipeline (HLAXPress), which implements the allele-specific 
estimation analysis described above can be found at https:// 
github.com/dyohanne/HLAXPress. 

After HLA expression quantification, a normalization of 
Illumina cDNA and HLA amplicon reads took part. First, 
HLA gene-specific counts resulting from the alignment of 
cDNA reads to the human genome were removed and 
replaced  in  the merged count  table with HLA  allele-specific 
UMI counts derived from cDNA reads after the HLAXPress 
pipeline. Second, read counts were normalized to counts per 
million (CPM) using the cpm tool from the limma package 
(v3.30.13) (51). For Illumina HLA amplicon libraries, UMIs of 
each allele were normalized first by calculating unique UMI 
proportions between alleles out of the total number of UMIs 
per sample. Then, for each individual these proportions were 
multiplied by the total number of CPM-normalized unique 
UMIs of all HLA alleles in cDNA library. 

Statistical Analysis 
All statistical analyses were performed using GraphPad Prism 
v8.4.2 (GraphPad Software). Statistical significance of gene-, 
allotype, and haplotype-level expression were analyzed using 
the non-parametric Kruskal-Wallis test or the Mann-Whitney 
U test. In the gene-level expression analysis, the Kruskal-Wallis 
test was followed by the Dunn’s multiple comparisons test. The 
Spearman correlation coefficients were applied in the 
comparison of allelic ratios between the datasets. In all tests, p-
values < 0.05 were considered statistically significant. 

Software Availability 
HLAXPress is freely available at https://github.com/ 
dyohanne/HLAXPress. 

RESULTS 

Method Development 
To determine HLA gene- and allele-specific expression using 
UMIs, we developed an RNA-Seq protocol (Figure 1) based  on  
the STRT method (40).  Our method included an incorporation  
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of 10 bp UMI to the 5’ end of RNA transcripts using a template 
switching oligo (TSO) in the first strand synthesis followed by 
an amplification of the full-length complementary DNA 
(cDNA). A pool of 10 bp UMI equaled to 1,048,576 unique 
barcodes, which were implemented to improve the PCR 
duplicate removal. To compare the HLA expression using the 
full transcriptome and targeted HLA genes, the full-length 
cDNA library was split, and processed in parallel in HLA 
cDNA and HLA amplicon library preparation protocols. Nine 

gene-specific primers were designed as reverse primers to 
enrich HLA genes together with a TSO primer from full-
length cDNA. Both libraries underwent tagmentation, dual-
indexing using PCR, and sequencing in a single run on 
Illumina’s Nextseq 500 cycles kit. 

Sequence Read Analysis and HLA Genotyping 
Both, Illumina cDNA and amplicon library reads underwent an 
UMI extraction (42), a quality overview step using FastQC (43), 

FIGURE 1 | Experimental design of Illumina HLA RNA-Seq. In the library preparation process, mRNA is first transcribed into complementary DNA (cDNA) with 
simultaneous integration of 10 bp unique molecular identifier (UMI) in RNA template switching oligo (rnaTSO) and further amplified. The full-length cDNA (FLcDNA) is 
then divided and processed in parallel in Illumina’s cDNA and amplicon library preparation protocols. The amplicon library preparation included an enrichment of HLA 
genes using gene-specific primers. Lastly, the full-length cDNA and HLA amplicons are tagmented, and sample-specific barcodes are added for multiplexing. The 
method results 5’ end library molecules suitable for Illumina paired-end sequencing. 
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and preprocessing using Trimmomatic (52). After trimming, 
55,100 to 1,583,520 reads for the cDNA library and 6,200 to 
44,110 reads for the amplicon library remained for the mRNA 
expression quantification. HLA typing using an ensemble 
method (53) and Luminex SSOP-PCR (Method S1) assigned 
52 different HLA class I alleles and 56 different HLA class II 
alleles at 2-field level (Table S2). The number of different alleles 
per gene were 14 (HLA-A), 24 (HLA-B), 14 (HLA-C), 2 (HLA-
DRA), 18 (HLA-DRB1), 4 (HLA-DPA1), 10 (HLA-DPB1), 11 
(HLA-DQA1), and 11 (HLA-DQB1), and the heterozygosity rates 
were 62%, 94%, 92%, 16%, 90%, 24%, 78%, 82%, and 89%, 
respectively (Table 1). Based on the HLA genotyping 
information we built personalized sample-specific HLA  
references at 2-field resolution level for all 50 individuals. 

Comparison of HLA Expression Quantification 
Between Two Illumina Datasets 
In the comparison of the correlation between Illumina cDNA 
and Illumina amplicon data, we calculated the allele-to-allele 
ratio from unnormalized unique UMIs for each heterozygous 
allele pair among all 50 samples. The correlation of the allele 
ratios (log2) between Illumina cDNA and Illumina amplicon 
data was strong (r = 0.74, p < 0.0001; Spearman rank correlation) 
with all nine HLA genes included in the analysis (Figure 2A). 
This suggested that both datasets alone were able to identify the 
expression difference between the two alleles. The correlation of 
HLA class I genes and class II genes were r = 0.74 (p < 0.0001) 
and r = 0.70 (p < 0.0001), respectively (Figures 2B, C). The gene-
level comparison of the allele ratios revealed that the strongest 
correlation were in HLA-B (r = 0.83, p < 0.0001), HLA-C (r = 
0.92, p < 0.0001), HLA-DPA1 (r = 0.91, p < 0.0001), and HLA-
DPB1 (r = 0.86, p < 0.0001) (Figures 2E, F, H, I). HLA-DQA1 
and HLA-DQB1 showed a moderate correlation with r = 0.58 (p 
< 0.0001) and r = 0.69 (p < 0.0001), respectively (Figures 2J, K). 
The weakest correlations were in HLA-A (r = 0.44, p < 0.01) and 
HLA-DRB1 (r = 0.43, p = 0.004) (Figures 2D, G). 

Method Validation 
To explore the accuracy our HLA RNA-Seq method, we 
determined the gene- and allele-level mRNA expression of 
HLA-C of five samples using qPCR (Method S2). The gene-
level comparison showed a high correlation (r = 0.9, p < 0.08) 
between qPCR and our HLA RNA-Seq method (Method S2: 
Figure S2). For the allele-level comparison, we chose four 

TABLE 1 | The number of different alleles and the heterozygosity rates of nine 
human leukocyte antigen (HLA) genes of 50 individuals. 

HLA gene Number of different alleles Heterozygosity rate (%) 

HLA-A 14 62 
HLA-B 24 94 
HLA-C 14 92 
HLA-DRA 2  16  
HLA-DRB1 18 90 
HLA-DPA1 4  24  
HLA-DPB1 10 78 
HLA-DQA1 11 82 
HLA-DQB1 11 89 

samples with C*06:02~C*07:01 allele pairs and one sample with 
C*04:01~C*07:01. Both HLA RNA-Seq and qPCR showed 
similar expression patterns at allele-level mRNA expression in 
C*06:02~C*07:01 allele pairs (Method S2: Figure S3). However, 
in C*04:01~C*07:01, the expression difference between the alleles 
was greater in qPCR than in RNA-Seq. This resulted from a 
higher mRNA expression of allele C*04:01 in qPCR. Conversely, 
the expression of C*07:01 was similar in both methods. We also 
compared the gene-level mRNA expression between our method 
and the previously published capture RNA-Seq method (34). 
Figure S4 shows a high correlation (r = 0.9, p < 0.0009) between 
these two methods indicating that our HLA RNA-Seq method 
can accurately quantify HLA gene-specific expression from 
RNA-Seq data using UMIs. We acknowledge that method-
related biases and experimental factors are possible causes of 
variation in results between qPCR and RNA-Seq. Hence, further 
studies in the future with several alleles and genes are required to 
evaluate the comparability between these two methods. 

HLA Gene-Specific Expression 
An in-house software tool, HLAXPress, together with personalized 
allele references counted the number of unique UMIs representing 
the mRNA expression of HLA (Tables S3 and S4). HLAXPress 
outputs a report with the UMIs per allele. For this reason, to 
characterize the gene-specific expression, the allele-specific UMI  
counts were first normalized to library size using the CPM method, 
and then summed together to get the gene-specific UMI  counts.  
Figure 3 shows the expression profiles of nine HLA  genes of 50  
individuals using the cDNA data. Among the nine HLA genes, there 
was a significant statistical difference (Kruskal-Wallis test p < 
0.0001) in the gene-level expression comparison. The pairwise 
comparison of the gene-specific expression between nine HLA 
genes using a Dunn’s test is shown  in  Table S5. Among  the class  
I and class II genes, HLA-B and -C were expressed at the highest 
levels. The average level of HLA-A gene expression was about 2 
times lower compared to the expression of HLA-C. In the  HLA class  
II HLA-DRA and -DRB1 genes were expressed at the highest levels 
following -DPA1 and -DPB1. HLA-DQA1 and -DQB1 were 
expressed at the lowest levels. 

HLA Allotype Expression 
To explore HLA allele-specific expression, the normalized unique 
UMI values of different alleles were first grouped by combining 
serologically equivalent alleles into HLA allelic lineages due to the 
small sample size per allele. Figure 4 shows the expression profiles 
of allelic lineages of eight HLA genes of 50 individuals. HLA-DRA 
formed only one allelic lineage and hence was excluded from the 
analysis. The results suggested that despite a high variation in allele-
level expression between individuals, the differences in the mRNA 
expression between allelic lineages are significant. A Kruskall-Wallis 
test showed a significant statistical difference in expression of allelic 
lineages among seven HLA genes: HLA-B, -C, -DRB1, -DPA1, 
-DPB1, -DQA1, and  -DQB1 (Figures 4B–H). However, in HLA-
A, the mRNA expression was not significantly different between 
allelic lineages (Figure 4A). We also investigated the magnitude of 
the differential allele-specific expression among eight HLA genes by 
choosing the highest and lowest expressed allelic lineage with at least 
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FIGURE 2 | Comparison of allele ratios between Illumina cDNA and Illumina amplicon datasets. The allele expression ratio was calculated for each heterozygous 
allele pair in the two datasets and a non-parametric Spearman’s rank correlation was used to compare the allele-level expression between cDNA and amplicon data. 
The line indicates the linear regression. The Spearman correlation coefficient is given for all genes (A), HLA class I (B), HLA class II (C), and for genes HLA-A (D), 
HLA-B (E), HLA-C (F), HLA-DRB1 (G), HLA-DPA1 (H), HLA-DPB1 (I), HLA-DQA1 (J), and HLA-DQB1 (K). 

five samples per group (Figure 5). From these, we calculated the 
fold change (log2) between the two lineages. The highest expression 
differences were between pairs DPB1*02 and DPB1*03 (FC = 1.3, p 
= 0.009), DQA1*05 and DQA1*03 (FC = 1.3, p = 0.02), and 
DQB1*06 and DQB1*05 (FC = 1.3, p < 0.0001) (Figures 5F–H). 
To compare the allele-specific expression between two alleles in 
heterozygous allele pairs, we calculated the proportion of the HLA 
allele-specific expression out of the HLA gene-specific expression  
attributed to the less expressed allele for every heterozygote. Table 2 
shows the median and range of the calculated proportions of eight 
HLA genes. In addition, we divided the calculated proportions of 

the allele-specific expression out of the gene-specific expression into 
three groups. The first group, 0.01–0.20, represents the large 
expression differences between alleles in heterozygotes. The 
second group, 0.21–0.40, and the third group, 0.41–0.50, represent 
the groups with moderate and small expression differences, 
respectively. In HLA-C, -DPB1, -DQA1, and  -DQB1, the  mRNA  
expression between two alleles within an individual was the most 
distinct. In these genes, 10% to 14% of the heterozygous allele pairs 
belong to the 0.01–0.20 group (Table 2). In HLA-DRB1, 95%  of  the  
heterozygotes belong to the 0.41–0.50 group suggesting that there is 
very little allelic imbalance between -DRB1 alleles within individuals. 
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FIGURE 3 | Box and whisker plot of gene-specific expression of nine HLA 
genes of 50 individuals. Y-axis indicates the sum of normalized unique UMIs 
(Log2) of two alleles of cDNA data and X-axis indicates the names of nine 
HLA genes. Boxes indicate the lower quartile, median and upper quartile. 
Data were compared using a Kruskal-Wallis test. 

HLA Haplotype Expression 
We also investigated HLA haplotype expression. We selected six 
common haplotypes, which have a frequency of more than 5% in 
the Finnish population (unpublished data). These haplotypes were 
DRB1*03:01-DQA1*05:01-DQB1*02:01 (H1), DRB1*15:01-
DQA1*01:02-DQB1*06:02 (H2), DRB1*13:01-DQA1*01:03-
DQB1*06:03 (H3), DRB1*01:01-DQA1*01:01-DQB1*05:01 (H4), 
DRB1*08:01-DQA1*04:01-DQB1*04:02 (H5), and DRB1*04:01-
DQA1*03:01-DQB1*03:02 (H6). In this comparison, we found a 
statistically significant difference (Kruskal-Wallis test, p = 0.008) in 
the RNA expression between the selected haplotypes (Figure 6). 
The H1 haplotype with the lowest expression included DQA1*05:01 
and DQB1*02:01, which both had a low expression at the allotype-
level based on the median expression value. In contrast, the H6 
haplotype with the highest expression included alleles DQA1*03:01 
and DQB1*03:02 with a high expression. Additionally, the DQ 
alleles of H2 were linked to the low expression and DQ alleles of H5 
to either high (DQA1*04:01) or intermediate expression  
(DQB1*04:02). Based on these results, it seemed that DQA1 alleles 
with a low expression were paired with DQB1 alleles with a low 
expression and DQA1 alleles with a high expression were paired 
with DQB1 alleles with a high expression. However, between DRB1 
and DQ alleles we did not found a similar pattern. H6 with the 
highest expression included DRB1*04:01, which at the allotype-level 
had the second lowest mRNA expression. In addition, both H1 and 
H2 included DRB1 alleles with an intermediate expression levels. 
We also compared the DQ haplotype expression among 50 
individuals. In 95% of all of the DQ haplotypes included in this 
study, DQA1 had lower expression than DQB1 indicating that 
DQA1 is the expression limiting molecule. 

DISCUSSION 

The data we present here demonstrates the possibility of 
determining both the HLA alleles and their mRNA levels using 

RNA-Seq methodology. Our method is applicable in various 
approaches related to autoimmune and transplantation genetics as 
well as when studying HLA expression levels in different cells and 
tissues. The growing body of evidence showing that HLA mRNA 
and surface protein expression differences may influence immune 
response and susceptibility to several human diseases has already 
catalyzed several studies using different quantitative methods to 
study HLA expression. The drawback with previous protein 
expression studies has been the lack of allele-specific monoclonal  
antibodies to recognize all HLA alleles with equal affinity. While 
qPCR has been adopted for determining the expression of HLA 
alleles, the focus has been mainly on HLA class I (3, 4, 6, 8). Given 
the high number of known HLA alleles, qPCR requires a 
combination of allele-specific primers to amplify different alleles 
of the same gene. The design of the primers can be technically 
challenging and time-consuming. Additionally, some studies using 
bulk RNA-Seq have systematically focused on the gene and 
especially the HLA allele-specific mRNA expression levels (32– 
34). However, none of the studies were based on molecule counting. 
By using RNA-Seq data of 50 individuals, we performed a high-
throughput screen for HLA expression profiles of class I and class II 
alleles in peripheral blood samples. 

In this study, we developed an HLA RNA-Seq method to 
quantify the HLA gene- and allele-specific expression based on 
molecule counting. Like most RNA-Seq methods, our method 
also involved PCR amplification steps in the library preparation 
protocol. To be able to amplify and process the sequencing 
libraries without losing information of the original molecule 
count, we designed a method based on STRT (54), which tags the 
original RNA transcripts with a molecular barcode. These 
barcodes, also known as UMIs, were incorporated in the 5’end 
of the molecules during the first strand synthesis using a TSO. 
We chose a 10 bp UMIs to ensure that every molecule in the 
original pool of RNA transcripts received a unique UMI. A ten 
nucleotide long UMI, which offers over 1,000,000 unique 
nucleotide combinations, has previously shown to be sufficient 
to improve the PCR duplicate removal in the data analysis steps 
(38). In addition to our full-length cDNA library, we also tested a 
targeted approach with HLA amplicons. For this, we designed 
HLA gene-specific primers to enrich nine HLA genes. These 
primers were designed to fall to the non-polymorphic area of the 
genes to enable efficient and cost-effective amplification of 
different alleles. For sequencing, we chose read lengths of 
100 bp (R1) and 200 bp (R2) to ensure an adequate coverage 
of the HLA polymorphisms in the area encoding the peptide-
binding groove in exons 2 and 3. The selected read 
lengths produced sufficient data for HLA typing and HLA 
expression quantification. 

Although several tools for studying HLA mRNA expression 
from bulk RNA-Seq data already exist (26, 32, 34), they do not 
provide expression quantification with UMI counting. By using our 
custom  pipeline,  we were able accurately  to  determine HLA  mRNA  
expression by counting the number of original transcripts. The 
comparison of allele ratios between Illumina cDNA and amplicon 
data showed that both approaches were able to quantify the allele-
specific expression differences. However, the strength of the 
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FIGURE 4 | Allotype expression of HLA class I and class II genes of 50 individuals. Allele-level UMIs of eight HLA genes (A–H) were normalized, grouped to allelic 
lineages, and plotted according to different lineages in Illumina cDNA data. Y-axis indicates the normalized unique UMIs (Log2) and X-axis indicates the names of the 
allelic lineages. Each dot refers to a UMI value and a solid bar indicates the median expression of the lineage. The number of samples are shown within parentheses. 
A Kruskal-Wallis test compared the ranks between the allelic lineages. 

correlation varied between different genes. We suspect that this possible that not every allele is amplified at the same level. Because 
might be due to different efficacies of the gene-specific primers  in  Illumina cDNA method does not include a gene-specific 
the enrichment step. Even though the gene-specific primers were enrichment step, we believe it is more accurate to quantify HLA 
designed to fall in the non-polymorphic area of the genes, it is mRNA expression. However, since the allele ratios were highly 
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FIGURE 5 | Comparison of the mRNA expression between the highest and lowest expressed allelic lineage of eight HLA genes. Y-axis indicates the normalized 
UMIs (Log2) of cDNA data and X-axis indicates the names of the selected allelic lineages of eight HLA genes (A–H). Each dot indicates a UMI value and a solid bar 
indicates the median expression of the lineage. The number inside the parenthesis indicates the number of samples. The expression between the allelic lineages was 
compared using a Mann-Whitney U test. 

concordant between the two datasets in most of the genes, the Our results at HLA class-level expression were consistent with 
targeted approach would be a valuable option for being more previously reported findings (31, 32, 34) as HLA class I was 
cost-effective. expressed at higher levels than class II in all 50 samples. We also 
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TABLE 2 | Differential allele expression between heterozygous allele pairs of 
eight human leukocyte antigen (HLA) genes. 

Proportion of the allele-specific expression out of the gene-specific 
expression* 

Median Range ASE ASE ASE 
0.01–0.20 (%) 0.21–0.40 (%) 0.41–0.50 (%) 

HLA-A 0.38 0.18–0.50 3 68 29 
HLA-B 0.37 0.25–0.50 0 67 33 
HLA-C 0.38 0.16–0.50 12 44 44 
HLA- 0.47 0.37–0.50 0 5 95 
DRB1 
HLA- 0.30 0.21–0.50 0 73 27 
DPA1 
HLA- 0.40 0.01–0.50 13 39 47 
DPB1 
HLA- 0.39 0.11–0.50 10 48 43 
DQA1 
HLA- 0.33 0.11–0.50 14 58 28 
DQB1 

*The allele-specific expression (ASE) was calculated as the proportion of the allele-specific 
expression out of the gene-specific expression attributed to the less expressed allele. 

detected heterogeneity in the expression levels of HLA genes. Our 
results confirmed differential expression of HLA genes both within 
and between individuals. Despite a high inter-individual variation, 
our data showed that HLA-B and HLA-C were equally abundant on 
the transcript level and that their expression was about two times 
higher than the expression of HLA-A. These results are comparable 
with earlier gene-specific mRNA expression levels (31, 55). For class 
II, the order of gene-specific expression was HLA-DRB1 > HLA-
DRA > HLA-DPA1 > HLA-DPB1 > HLA-DQB1 > HLA-DQA1. 
This imbalanced expression between HLA class II genes is in line 
with previous results, which have confirmed HLA-DR to express at 
higher levels compared to HLA-DP and HLA-DQ (31). However, 
there were also some discordances with previous  findings. A study 
using HLA expression estimates from lymphoblastoid cell lines 
reported equal expression levels of HLA-A and HLA-C, while  HLA-
B showed an expression level twice as high compared to the other 
two class I genes (32). In contrast, another study showed the gene-

level expression in the order of HLA-B > HLA-C > HLA-A in 
PBMCs (34). This same study reported that HLA-DRA was 
expressed at a higher level than HLA-DRB1 and that HLA-DPB1 
was expressed at a higher level than HLA-DPA1. However, 
according to the previously reported HLA expression estimates, 
the gene-level expression of both HLA-DQA1 and HLA-DPA1 was 
higher than the expression of HLA-DQB1 and HLA-DPB1 (32). 
These inconsistencies between the different methods may be 
attributable to a number of factors, such as differences in 
methodology, data analysis, sample source, or population. HLA 
gene-specific expression has already been shown to vary between 
different tissues (31). Hence, it would be important to expand the 
expression studies to different cell types either by using bulk RNA-
Seq or by selecting a single-cell approach (56). 

In addition to gene-specific expression, we also investigated the 
HLA allotype-specific expression. Among 50 samples, we found 
distinct allotype-specific expression profiles. We found the largest 
differences between the allelic lineages in HLA-DPB1, HLA-DQA1, 
and HLA-DQB1 indicating a strong allotype-specific expression in 
these genes. These results are consistent with previously reported 
findings, where HLA-DQA1 and HLA-DQB1 showed the largest 
differences in the inter-allelic expression (34). In the comparison 
of mRNA expression between two alleles in heterozygous 
individuals, we found the highest allelic imbalance in HLA-C, 
-DPB1, -DQA1, and  -DQB1. In contrast, HLA-DRB1 showed 
almost no asymmetry in allele-specific expression within 
individuals suggesting that alleles in this gene are expressed in a 
very balanced manner. An extensive allelic imbalance for single 
nucleotide polymorphisms (SNPs) in the MHC has been 
previously described (57). However, no extreme allelic 
imbalance was found using HLA expression estimates (32). In 
HSCT, the unbalanced HLA expression between alleles in 
heterozygous individuals might be relevant. HLA alleles 
associated with low expression are suggested to be tolerated 
mismatches and not to increase the risk of GvHD (5, 10, 16) 

Our data also demonstrated that mRNA expression differs between 
HLA haplotypes. This finding is concordant with earlier studies, where 
the diversity of MHC haplotype sequence was shown to affect the 

FIGURE 6 | RNA expression of six common HLA haplotypes in Finnish population. Y-axis indicates the normalized UMIs (Log2) of cDNA data and X-axis indicates 
the codes of the five selected HLA haplotypes. The full haplotype names are marked on right side of the figure. The parenthesis following the haplotype codes 
indicate the number of the samples for each haplotype. Each dot refers to a UMI value and a solid bar indicates the median expression of the haplotype. Data were 
compared using a Kruskal-Wallis test. 
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HLA gene expression (58, 59). By examining six common Finnish 
haplotypes, we observed distinct expression patterns. Interestingly, the 
haplotypes with the lowest expression (DRB1*03:01-DQA1*05:01-
DQB1*02:01) and with the highest expression (DRB1*04:01-
DQA1*03:01-DQB1*03:02) were both common autoimmune 
haplotypes. DRB1*03:01-DQA1*05:01-DQB1*02:01 has been 
associated with celiac disease and DRB1*04:01-DQA1*03:01-
DQB1*03:02 with celiac disease (CD) and type 1 diabetes (60). 
Based on the distinct expression levels of these two autoimmune 
haplotypes in PBMCs, we could argue that the expression level itself 
might not be a risk factor. However, more information on the 
expression of these predisposing haplotypes between patients 
affected by the disease and healthy controls is needed. 

It is of note that we analyzed the peripheral blood samples without 
any quantification of their cellular contents, and it is not clear how 
much variation in immune cell numbers affects the inter-individual 
results. The intra-allelic variation we see in our results might partially 
be due to the differences in cell subpopulation distributions, and 
hence the results should be interpreted with caution. To exclude any 
variation originating from differences in the sample material, we 
recommend that further studies of HLA gene- and allele-specific 
expression with known cellular composition and ratios are conducted 
to explore the effect of different blood cell types on HLA class I, and II 
expression. We are also aware of other factors, both genetic and 
environmental, which might alter HLA expression. The impact of 
different factors such as age, medication, infection status, activation 
status, and history on HLA expression should be assessed more 
closely in controlled studies in the future. Furthermore, in this study, 
we did not investigate the effect of any regulatory elements on HLA 
mRNA expression. However, since several polymorphisms located 
both in the 5’-, and 3’- untranslated region (UTR) have been 
previously associated with varying HLA expression levels (4, 61, 
62), it would be important to further investigate the non-exon regions 
to locate additional SNPs regulating HLA expression. 

In this study, we have developed a novel method for exploring 
the complexity of HLA gene- and allele-level expression from 5’end 
bulk RNA-Seq data using UMIs. Increasing information on 
different factors affecting the outcome of the HSCT may cause 
challenges for identifying suitable donors meeting all required 
criteria. Therefore, our aim is to propose a tool to explore the 
differential HLA allele expression profiles. In the future, expression 
screening of HLA alleles could help in the discovery of possible 
permissive mismatches. Such tolerated mismatches could be 
beneficial in avoiding high-risk transplantations making HSCTs 
safer when no matched donor is available. Since several research 
and clinical HLA laboratories have already adopted NGS in HLA 
typing, the leap from DNA sequencing to RNA-Seq enabling both 
the HLA typing and expression quantification could be possible in 
the future. This would change the nature of HLA research from 
qualitative to a quantitative field of science. 

CONCLUSIONS 

In summary, our HLA RNA-Seq method with UMIs was able 
to quantify mRNA expression at the gene- and allele-level. 

We identified expression differences between HLA genes and 
HLA allelic lineages. Identification of these allele-specific 
expression differences could be important for future HLA 
disease association studies and in HSCT to find permissive 
mismatches when no matched donor is available. We note that 
the method presented in this study can be applied to quantify the 
mRNA expression of HLA alleles in various cells and tissues. 
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Identification of human leukocyte antigen (HLA) alleles from next-generation sequencing

(NGS) data is challenging because of the high polymorphism and mosaic nature of

HLA genes. Owing to the complex nature of HLA genes and consequent challenges

in allele assignment, Oxford Nanopore Technologies’ (ONT) single-molecule sequencing

technology has been of great interest due to its fitness for sequencing long reads.

In addition to the read length, ONT’s advantages are its portability and possibility for

a rapid real-time sequencing, which enables a simultaneous data analysis. Here, we

describe a targeted RNA-based method for HLA typing using ONT sequencing and

SeqNext-HLA SeqPilot software (JSI Medical Systems GmbH). Twelve classical HLA

genes were enriched from cDNA of 50 individuals, barcoded, pooled, and sequenced

in 10 MinION R9.4 SpotON flow cell runs producing over 30,000 reads per sample.

Using barcoded 2D reads, SeqPilot assigned HLA alleles to two-field typing resolution

or higher with the average read depth of 1750x. Sequence analysis resulted in 99–100%

accuracy at low-resolution level (one-field) and in 74–100% accuracy at high-resolution

level (two-field) with the expected alleles. There are still some limitations with ONT

RNA sequencing, such as noisy reads, homopolymer errors, and the lack of robust

algorithms, which interfere with confident allele assignment. These issues need to be

inspected carefully in the future to improve the allele call rates. Nevertheless, here

we show that sequencing of multiplexed cDNA amplicon libraries on ONT MinION

can produce accurate high-resolution typing results of 12 classical HLA loci. For HLA

research, ONT RNA sequencing is a promising method due to its capability to sequence

full-length HLA transcripts. In addition to HLA genotyping, the technique could also be

applied for simultaneous expression analysis.

Keywords: human leukocyte antigen, HLA genotyping, nanopore sequencing, RNA sequencing, MinION

INTRODUCTION

The human leukocyte antigen (HLA) complex on the short arm of chromosome 6 (6p21.3) is the
most polymorphic region in the human genome with over 26,000 known alleles reported by the
IPD IMGT/HLA database (Release 3.41.21). It is extensively studied, and associated with various
infectious and autoimmune diseases (Liu et al., 2016; Karnes et al., 2017; Hirata et al., 2019), and
transplantation outcomes (Petersdorf et al., 2015). The HLA genes divided into two classes referred

1https://www.ebi.ac.uk/ipd/imgt/hla/
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to as class I (HLA-A, -B, and -C) and class II (HLA-DR, -DQB, 
and -DP) play a critical role in immune responses (The MHC 
sequencing consortium, 1999; Horton et al., 2004). 

The major challenge in HLA typing is the high genetic 
heterogeneity, which makes allele-calling complex. Over the past 
years, next-generation sequencing (NGS) has taken over and 
replaced the more conventional HLA typing methodologies. 
Several different sequencing methods and data analysis tools 
have emerged to provide high-throughput typing of these 
polymorphic genes (Erlich et al., 2011; Lank et al., 2012; Shiina 
et al., 2012; Warren et al., 2012; Mayor et al., 2015; Buchkovich 
et al., 2017; Orenbuch et al., 2020). Many of the NGS technologies 
for HLA typing are based on the Illumina sequencing platform, 
which produces short reads with high sequencing accuracy 
and outstanding throughput. However, the limited read length 
has been challenging in HLA typing because of the high 
sequence similarity and numerous polymorphisms and mosaic 
structure between alleles. For that reason, sequencing platforms 
producing long reads, such as Oxford Nanopore Technologies 
(ONT) and Pacific Bio (PacBio), have raised interest. Longer 
reads might ease the alignment against HLA alleles and less 
frequently lead to ambiguous typing results. Both of these long-
read sequencing platforms have already proved themselves as 
an option in HLA research. PacBio’s Single Molecule Real-
Time DNA sequencing yielded highly accurate typing results 
in cell lines (Turner et al., 2018) and improved the survival 
after hematopoietic stem cell transplantation (Mayor et al., 
2019). ONT produced accurate typing results in studies using 
genomic amplicon sequencing (Liu et al., 2018; Ton et al., 2018; 
Stockton et al., 2020). ONT was also the first reported NGS 
HLA typing method tested for deceased donor allocation (De 
Santis et al., 2020). In addition to genomic sequencing data, ONT 
was used to genotype HLA class I loci and to determine their 
gene-level expression from RNA sequencing (RNA-Seq) reads 
(Montgomery et al., 2020). 

Oxford Nanopore Technologies’ MinION is a small portable 
sequencer connected to a computer through a USB 3.0 cable 
(Quick et al., 2014). It utilizes nanopore sequencing technology 
and has the ability to sequence both DNA and RNA with the 
possibility for a simultaneous real-time data analysis. MinION 
flow cell contains 2,048 membrane-embedded nanopores, which 
enable the measuring of fluctuations in the ion flow passing 
through the nanopores. In the past years, ONT’s sequencing 
chemistries have developed rapidly leading to faster sequencing 
speeds and higher data yields. 

To evaluate the potential of ONT RNA-Seq for HLA 
typing, we sequenced 12 HLA genes of 50 individuals in 10 
multiplexed MinION sequencing runs. We developed a method, 
which applied a template switching oligo (TSO) in the reverse 
transcription (RT) of RNA molecules into cDNA. We then 
amplified the full-length cDNA and enriched HLA amplicons 
using primers specific for template switching oligo and HLA 
genes. We pooled the enriched amplicons, indexed them with 
sample-specific barcodes, and multiplexed several samples and 
loci together. Finally, we prepared ONT 2D sequencing libraries, 
sequenced them on MinION R9.4 SpotON flow cells, and 
performed the sequence analysis by using SeqPilot software. By 

comparing the resolved HLA genotypes to alleles obtained by 
Luminex SSO-PCR, we assessed the accuracy of our method. 

MATERIALS AND METHODS 

Samples and RNA Extraction 
Peripheral blood mononuclear cells (PBMC) of 50 healthy blood 
donors were isolated using Ficoll-PaqueTM Plus (GE Healthcare), 
Dulbecco’s phosphate buffered saline (DPBS) CTSTM (Gibco 
Life Technologies), fetal bovine serum (FBS, Sigma), and 
SepMateTM-50 tubes according to the manufacturer’s protocol 
(Stemcell Technologies). Isolated cell counts were determined 

×using NucleoCounter R NC-100TM (chemometec). The use of 
anonymized PBMCs from blood donors is in accordance with 
the rules of the Finnish Supervisory Authority for Welfare and 
Health (Valvira). All RNA was extracted from 1 to 10 × 106 

cells using RNeasy Mini kit and Rnase-Free DNAse Set (both 
Qiagen), and the quantity was measured using The QubitTM 

×RNA High Sensitivity Assay Kit in Qubit R 2.0 fluorometer 
(ThermoScientific). The quality of RNA was assessed with an 
RNA 6000 Pico Kit (Agilent Genomics) in a 2100 Bioanalyzer 
(Agilent Genomics). Samples with RNA integrity number (RIN) 
value over 8.0 were used in the library preparation. 

Reverse Transcription and Amplicon 
Enrichment 
Reverse transcription was adapted from Islam et al. (2012); 25 ng  
of RNA, 1% TritonTM X-100 (Sigma), 20 μM of STRT-V3-
T30-VN oligo, 100 μM of DTT (Invitrogen, Life Technologies, 
Thermo Fisher), 10 mM dNTP (Bioline), 4 U of Recombinant 
RNase Inhibitor (Takara Clontech), and 1:1,000 The Ambion×R 

ERCC RNA Spike-In Control Mix (Life Technologies, Thermo 
Fisher) in a total volume of 3 μl were first incubated 3 min at 
72◦C. 3.7 μl of RT mix with 5x SuperScript first strand buffer 
(Invitrogen by Thermo Fisher Scientific), 1 M MgCl2 (Sigma), 

×5 M Betaine solution (Sigma), 134 U of SuperScript R II Reverse 
Transcriptase (Invitrogen by Thermo Fisher Scientific), 40 μM 
RNA-TSO 10 bp UMI, and 5.6 U of Recombinant RNase Inhibitor 
was added and the plate was incubated 90 min at 42◦C and 10 min 
at 72◦C. The double-stranded cDNA was further amplified in a 
50 μl PCR reaction containing 2x KAPA HiFi HotStart ReadyMix 
(Kapa Biosystems) and 10 μM ImSTRT-TSO-PCR with the 
following thermocycling parameters: 1 cycle of 3 min at 95◦C, 20 
cycles of 20 s at 95◦C, 15 s 55◦C, 30 s at 72◦C, and 1 cycle of final 
elongation of 1 min at 72◦C. A restriction reaction using SalI-
HH (New England Biolabs) was used to release the 3 fragments 
of the cDNA. DNA was quantified using QubitTM dsDNA High 
Sensitivity Assay Kit and the size distribution was checked 
with High Sensitivity DNA Kit (Agilent Genomics). For HLA 
amplicon enrichment, 3 μl of template cDNA, 10x Advantage 

×2 PCR buffer, 50x Advantage R 2 Polymerase Mix (Takara, 
Clontech), 10 mM dNTP (Bioline), 10 μM TSO forward primer, 
and one of the seven HLA gene-specific reverse primers (HLA-
A/-B/-C, -DRA, -DRB1/-DRB3/-DRB4/-DRB5, -DQA1, -DQB1, 
-DPA1, and -DPB1) were incubated 30 s at 98◦C following 3 cycles 
of 10 s at 98◦C, 30 s at 55◦C, 30 s at 72◦C and 27 cycles of 10 s at 
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98◦C, 30 s at 71◦C, 30 s at 72◦C, and final elongation of 5 min at 
72◦C in a total volume of 15 μl. Two shared primers were used, 
one to amplify HLA-A, -B, and -C and the other for HLA-DRB1, 
-DRB3, -DRB4, and -DRB5. Supplementary Figure 1 shows 
the binding sites of HLA gene-specific primers. All oligos were 
from Integrated DNA Technologies (Supplementary Table 1). 
To confirm the amplicon lengths and non-specific amplification, 
four samples were selected from each locus and run on a 
2% agarose gel (Bioline) with 10x BlueJuiceTM loading dye 
(Invitrogen by Thermo Fisher Scientific) in 0.5X TBE (Thermo 
Fisher Scientific) with the GelGreenTM (Biotium). Gels were 
visualized using the Quick-Load 1kb DNA Ladder (New England 
Biolabs). PCR amplicons were quantified using the QubitTM 

dsDNA High Sensitivity Assay Kit and the fragment sizes were 
checked with Agilent’s High Sensitivity DNA Kit. For sequencing 
library preparation, we divided HLA amplicons into two gene 
pools per sample using a 5 μl of PCR product from each locus. 
Gene pool 1 contained genes HLA-A, -B, -C, -DRB1, -DRB3, 
-DRB4, -DRB5, and -DPB1, and gene pool 2 HLA-DRA, -DPA1, 
-DQA1, and -DQB1. Gene pools were cleaned with 0.7X pool 
volume Agencourt AMPure XP beads (Beckman Coulter), eluted 
in 15 μl of nuclease-free water, and quantified with the QubitTM 

dsDNA High Sensitivity Assay Kit. Finally, the average fragment 
size distribution of gene pools 1 and 2 was analyzed using 
Agilent’s High Sensitivity DNA Kit from 10 samples of both pools. 
Using this information, the molarity of each pool was calculated 
using the DNA concentration (ng/μl) and the average fragment 
length (bp) of the gene pool. 

ONT Library Preparation and Sequencing 
ONT’s sequencing compatible barcoded fragments were prepared 
in a PCR reaction 0.5 nM of DNA from gene pools, 2 μl of  
PCR barcode from the 96 PCR Barcoding Kit (ONT), 50 μl of  
LongAmp Taq 2x Mix (New England Biolabs), and Nuclease-
Free water in a final volume of 100 μl where ONT’s universal 
tails were used as a template for barcode introducing primers. 
The PCR was performed in the following conditions: initial 
denaturation of 3 min at 95◦C, following 15 cycles of 15 s at 95◦C, 
15 s at 62◦C, 30 s at 65◦C, and a final extension step 3 min at 
65◦C. A second DNA purification and size selection was done 
in a 1X beads:DNA ratio by using the Agencourt AMPure XP 
beads according to the manufacturer’s instructions and eluted in 
20 μl of nuclease-free water. After the purification, DNA was 
quantified with the QubitTM dsDNA High Sensitivity Assay Kit 
and barcoded PCR amplicons were pooled with equal molarities 
in 10 library pools in a total volume of 50 μl each consisting 
of 10 individuals and either eight loci (gene pool 1) or four 
loci (gene pool 2). 1 μg of pooled barcoded PCR products was 
treated with the NEBNext Ultra II End-repair/dA-tailing Module 
(New England Biolabs) according a Ligation Sequencing Kit 2D 
(SQK-LSK208) protocol (ONT) using a DNA CS 3.6kb (ONT) 
as a positive control. A third DNA purification was performed 
using 1X beads:DNA ratio by using the Agencourt AMPure 
XP beads following the Ligation Sequencing Kit 2D protocol. 
ONT sequencing adapters were ligated using NEB Blunt/TA 
Ligase Master Mix (New England Biolabs) and Adapter Mix 
and HP Adaptor provided by ONT following a purification step 

using MyOne C1 Streptavidin beads (Invitrogen by Thermo 
Fisher Scientific) according to the Ligation Sequencing Kit 2D 
protocol to capture HP adaptor containing molecules. The 
libraries were eluted in 25 μl of elution buffer and mixed 
with running buffer and library loading beads (ONT) prior 
to sequencing. All 10 libraries were sequenced for 48 h on 
R9.4 SpotON flow cells (FLO-MIN106) on MinION Mk 1b 
device using the MinKNOW software (versions 1.1.21, 1.3.24, 
1.3.25, and 1.1.30). 

HLA Typing 
ONT’s reads were processed using the 2D Basecalling plus 
barcoding for FLO-MIN106 250 bps workflow (version v1.125) 
on the cloud-based Metrichor platform (v2.45.5, v2.44.1, ONT) 
generating 1D template, 1D complement, and 2D reads. The 
fastq files were extracted from the native FAST5 files using 
NanoOK (Leggett et al., 2015). ONT 2D reads were used in 
genotyping of HLA-A, -B, -C, -DRA, -DRB1, -DQA1, -DQB1, 
-DPA1, and -DPB1 alleles at high-resolution level with SeqPilot 
software (v.4.3.1, JSI Medical Systems). The software version used 
IPD-IMGT/HLA Database. 3.27.0. ONT 2D reads were mapped 
against the regions of interest (ROIs), which are the target HLA 
genes selected prior to the sequence analysis. For both gene pools, 
only those genes were selected, which were present in the gene 
pool. After the sequence analysis, SeqPilot software reported the 
genotyping result for each gene of the gene pool. Additionally, 
SeqPilot reported the number of assigned reads, which were 
the reads mapping to the selected ROIs, and the number of 
aligned reads, which were the reads passing the quality filter and 
added to the coverage. For validation of HLA typing, genomic 
DNA was extracted from PBMC samples by QiaSymphony SP 
automat (Qiagen) by following the manufacturer’s protocol. The 
concentration and purity of DNA were measured by NanoDrop 
ND-1000 (Thermo Fisher Scientific). The reverse SSOP-Luminex 
technology (Labtype, One Lambda) was used for HLA typing of 
HLA-A, -B, -C, -DRB1, -DRB3, -DRB4, -DRB5, -DQA1, -DQB1, 
-DPA1, and -DPB1. The results were analyzed with the HLA-
Fusion software (v.3.2.0-HF1, One Lambda). The concordance 
rate of the genotyping results between ONT RNA-Seq and 
Luminex SSO-PCR data was calculated at one-field (allele group) 
and two-field (allele) resolution level. Luminex SSO-PCR reports 
the HLA type at one-field resolution with a list of possible alleles 
as NMDP codes by the National Marrow Donor Program2. For 
two-field resolution level comparison, we assigned the putative 
HLA alleles from the allele codes based on the alleles’ prevalence 
in the Finnish population using a Finnish cohort study (Haimila 
et al., 2013). The HLA alleles present in our dataset of 50 
individuals are shown in Supplementary Table 2. 

RESULTS 

ONT Sequencing Statistics 
We assessed the suitability of ONT RNA-Seq for HLA typing. To 
do that, we used a targeted 5 RNA-Seq method for ONT platform 

2https://bioinformatics.bethematchclinical.org 
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FIGURE 1 | Experimental design of Oxford Nanopore Technologies (ONT) 
platform. In the sequencing library preparation of ONT, messenger RNA 
(mRNA) is first reverse transcribed into complementary DNA (cDNA) using an 
oligodT T30VN primer capturing a polyA tail of mRNA, with simultaneous 
integration of 10 bp unique molecular identifier (UMI) in RNA 
template-switching oligonucleotide (rnaTSO), and further amplified using 
polymerase chain reaction (PCR). The full-length cDNA (FLcDNA) is then 
processed with SalI restriction enzyme followed by an enrichment of HLA 
genes and adding sample-specific barcodes for multiplexing. Libraries are 
ligated with ONT adaptors and sequenced on a MinION sequencer. 

(Figure 1). Simultaneously with the ONT sequencing, cloud-
based Metrichor basecalled the raw data and demultiplexed 
reads per sample-specific barcodes. Metrichor provided both 
the sequencing statistics and the basecalling results. In the 48-h 
sequencing runs, 46 h was the maximum time that flow cells were 
still producing data. However, the majority of the sequence data 
were generated during the first 8 h. Sequencing of 100 gene pools 
on 10 ONT MinION SpotON flow cells generated between 97,595 
and 855,489 successfully demultiplexed barcoded reads and 
yielded between 76.33 and 521.45 Mbases per run (Figures 2A,B). 

An average of 3.4% of reads remained unmultiplexed. All 
R9.4 flow cells exceeded the guaranteed number of 800 active 
pores (Figure 2C). Runs produced similar distributions of 2D 
mean quality scores with a mean of 12.3 (Figure 2D). To 
assess the quality of basecalling, we used a calibration strand 
provided in ONT’s Ligation Sequencing Kit 2D. Based on the 
reads derived from this Lambda genome, the average of 2D 
basecalling accuracy in 10 runs was 0.92 (Figure 2E). Due to 
the variation in read lengths, the average read lengths between 
520 and 620 bp reported by Metrichor were shorter than the 
expected amplicon lengths. However, in the sequence length 
distribution, there were peaks close to the expected amplicon 
sizes at 800–900 bp for gene pool 1 and at 750–850 bp for 
gene pool 2. 

Accuracy of ONT RNA-Seq 
Oxford Nanopore Technologies’ 2D reads underwent a fastq 
conversion from FAST5 files with NanoOK tool (Leggett et al., 
2015). Extracted fastq files were uploaded to SeqPilot software 
and aligned against HLA genes selected prior to data analysis. Out 
of 3,610,894 reads with uniquely identified barcodes, 1,354,704 
reads were mapped to ROIs in the SeqPilot software. However, 
most of the reads uploaded to the software, 62.5%, did not map 
to the ROIs and remained unmapped. Based on the information 
received from JSI Medical Systems, this was the first time SeqPilot 
was used to analyze ONT RNA-Seq data. At the time of the 
sequence analysis, the software was designed for the analysis 
of genomic data. This could have possibly contributed to the 
low mappability of RNA sequencing reads. Using ONT RNA-
Seq data, SeqPilot was able to assign 80% of HLA class I alleles 
and 95% of HLA class II alleles at two-field resolution or higher 
(Figure 3A and Table 1). HLA typing calls were obtained in 78, 
74, and 88% of the cases for HLA-A, HLA-B, and HLA-C and in 
100, 98, 100, 88, 100, 100, 74, 100, and 94% of the cases, for HLA-
DRA, -DRB1, -DRB3, -DRB4, -DRB5, -DQA1, -DQB1, -DPA1, and 
-DPB1 (Figure 3B and Table 1). 

Sequence data analysis in SeqPilot interphase showed an 
uneven distribution of sequencing coverage for class I genes 
(Supplementary Figure 2). The coverage graph displayed a lower 
coverage in exon 1 and 2, and sometimes also in exon 3 area 
compared to the other exons. For class II, the read coverage 
was even in all exons. Most of the polymorphisms between HLA 
alleles lie in exons 2 and 3. Therefore, the low coverage could 
affect the allele assignment and explain the lower call rates of 
SeqPilot for class I. 

In addition to the coverage graph, we inspected the number of 
assigned reads mapping to the selected genes. We also calculated 
the number of aligned reads, which are the reads passing the filter 
and used in the allele assignment. Table 2 shows the average and 
range of assigned and aligned reads calculated for each locus. 
The highest relative ratio between aligned and assigned reads was 
found in HLA-DRA, -DRB1, -DQA1, and -DPA1 (65–87%), and 
the lowest in HLA-DQB1 (22%). In 20% of the cases for class I 
and in 5% for class II, SeqPilot could not make a confident call. In 
76% of these cases for class I and 63% for class II, the number of 
aligned reads reported by SeqPilot was below the locus average. 
This suggests that a low sequencing coverage may interfere with 
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FIGURE 2 | Produced data and quality metrics of ONT MinION sequencing runs. Ten MinION flow cell produced between 97,595 and 855,489 barcoded reads (A) 
and yielded between 76.33 and 521.45 Mbases (B). The number of active pores identified in each run ranged from 915 to 1,732 (C). The distribution for 2D mean 
quality score was 11.3–12.7 (D) and 0.90–0.93 for 2D basecalling accuracy (E). The red lines indicate the median. 

FIGURE 3 | HLA typing results of 50 individuals using ONT RNAseq data and SeqPilot software. Successful allele calling rate is shown for class I and class II (A) and 
for each gene (B). 
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TABLE 1 | HLA genotyping results from ONT RNA-Seq and allele calling rate. 

Result No result Accurate allele calling (%) 

HLA-A 39 11 78 
HLA-B 37 13 74 
HLA-C 44 6 88 
HLA-DRA 50 0 100 
HLA-DRB1 49 1 98 
HLA-DRB3* 25 0 100 
HLA-DRB4* 15 2 88 
HLA-DRB5* 19 0 100 
HLA-DQA1 50 0 100 
HLA-DQB1 37 13 74 
HLA-DPA1 50 0 100 
HLA-DPB1 47 3 94 

*HLA-DRB3-5 genes are present only in certain haplotypes. 

TABLE 2 | Summary of assigned and aligned reads per HLA gene from the 
SeqPilot software. 

Average of Range of Average of Range of Aligned 
assigned assigned aligned aligned reads (%) 

reads reads reads reads 

HLA-A 1,271 351–3,551 581 132–1,607 46 
HLA-B 1,809 466–6,486 1,013 221–4,156 56 
HLA-C 1,501 338–4,516 862 81–2,756 57 
HLA-DRA 4,604 1,042–13,897 3,995 873–12,235 87 
HLA-DRB1 3,677 1,098–15,607 2,394 672–12,050 65 
HLA-DRB3 496 141–1,693 267 44–1,037 54 
HLA-DRB4 741 79–2,961 402 32–1,872 54 
HLA-DRB5 1,265 132–2,934 747 25–1,815 59 
HLA-DQA1 905 179–2,690 692 85–2,263 77 
HLA-DQB1 6,734 736–16,924 1,480 119–4,842 22 
HLA-DPA1 4,416 803–16,547 3,769 652–14,479 85 
HLA-DPB1 1,939 500–7,067 946 222–4,095 49 

successful allele assignment. However, this seems to be true only 
in some cases since only 32 HLA-DRB4 reads were sufficient to 
produce an accurate typing result at three-field resolution. 

Concordance With Luminex SSO-PCR 
Human leukocyte antigen typing results obtained from ONT 
RNA-Seq data were compared to Luminex SSO-PCR genotyping 
results and the concordance was calculated both at one-field 
and two-field resolution. Luminex SSO-PCR reports HLA typing 
result at the allotype level (one-field) with a list of suggested alleles 
that alter the amino acid sequence (two-field). The first allele 
in the subtype list is the most common and well-documented 
one. However, the rare allele subtypes cannot be excluded 
from the analysis. 

ONT RNA-Seq method had an average concordance of 99% 
(one-field) and 94% (two-field) for class I genes and 100% (one-
field) and 99% (two-field) for class II genes with Luminex SSO-
PCR results (Figure 4A and Table 3). At one-field level, the 
results were 100, 99, and 99% concordant for HLA-A, HLA-B, and 
HLA-C and 100% concordant for HLA-DRB1, -DRB3, -DRB4, 

-DRB5, -DQA1, -DQB1, -DPA1, and -DPB1. A missing second 
allele in ONT RNA-Seq data caused two one-field resolution 
discrepancies in one sample for HLA-B and HLA-C between 
the two methods. Luminex SSO-PCR reported the typing results 
as B∗07:02, B∗35:01 and C∗04:01, C∗07:02. ONT RNA-Seq, 
however, could only call alleles B∗07:02 and C∗04:01 and reported 
homozygous results. The number of aligned reads was below 
the average for both genes. At two-field level, the concordance 
between ONT RNA-Seq and Luminex SSO-PCR was 99, 89, and 
94% for HLA-A, HLA-B, and HLA-C and 100, 96, 100, 100, 
99, 97, 99, and 100% for HLA-DRB1, -DRB3, -DRB4, -DRB5, 
-DQA1, -DQB1, -DPA1, and -DPB1 (Figure 4B and Table 3). 
The discrepancy at two-field resolution originated from an allele 
reported by SeqPilot, which was not present in the list of 
suggested alleles by Luminex SSO-PCR. The numbers of detected 
discrepancies were one for HLA-A, HLA-DQA1, and HLA-DPA1, 
two for HLA-DQB1, four for HLA-C, and seven for HLA-B. Out 
of these 16 discrepant samples, 11 (69%) had a lower number 
of aligned reads compared to the gene average. There were no 
discrepancies in HLA-DRB1, -DRB4, -DRB5, and DPB1. 

For class I, there were eight ambiguities in the SeqPilot results 
at three-field and one at two-field typing resolution. The only 
ambiguous result at two-field level was in HLA-B. In this case, 
SeqPilot could not make a confident call between B∗15:01:01G, 
∗35:01:01G and B∗15:20, ∗35:43:01. For class II, the sequence 
analysis resulted in 19 ambiguities at two-field resolution; one for 
HLA-DRB5 and HLA-DQB1, seven for HLA-DQA1, and 10 for 
HLA-DPB1. In nine cases (47%) with ambiguous result, all alleles 
listed by SeqPilot software were also found in the list of alleles of 
Luminex SSO-PCR. However, in 10 cases (53%) with ambiguity, 
SeqPilot reported at least one allele, which Luminex SSO-PCR did 
not have in its list. In all 15 samples carrying HLA-DRB4 gene, 
the possibility of a null allele could not be excluded. There were 
no ambiguities in HLA-DRA, -DRB1, -DRB3, and -DPA1. 

DISCUSSION 

There are several potential benefits, which ONT offers to HLA 
research. The long-read single-molecule sequencing technology 
enables the sequencing of full-length HLA transcripts increasing 
the possibility of unambiguous phasing in the data analysis step 
and provides information of the full haplotype block structure. 
In contrast to short sequencing reads, with ONT’s long reads, 
smaller sequencing depth may suffice to produce accurate HLA 
typing results. This enables the multiplexing of several samples 
making the method cost-effective to use. Additionally, ONT’s 
portable desktop sequencer, MinION, can be easily adopted 
in basic laboratory without the need to use sequencing core 
facilities. Furthermore, the possibility for real-time data analysis 
during the sequencing may be beneficial for cases where faster 
HLA typing results are required. An additional benefit could 
be simultaneous HLA typing and expression determination. 
Differential expression levels of HLA have been shown to affect 
numerous human diseases (Apps et al., 2013; Sillé et al., 2013; 
Schuster et al., 2017; Ramsuran et al., 2018) and to have an 
impact to the outcome of hematopoietic stem cell transplantation 

Frontiers in Genetics | www.frontiersin.org 6 March 2021 | Volume 12 | Article 635601 

www.frontiersin.org


�
�

�

Johansson et al. Nanopore RNA Sequencing of HLA 

FIGURE 4 | Accuracy of ONT RNAseq method in typing of 12 classical HLA genes. Concordance rate to Luminex SSO-PCR at one-field and two-field typing 
resolution is shown for class I and class II (A) and for each of the 12 genes (B). 

TABLE 3 | Concordance of HLA typing results between ONT RNA-Seq and Luminex SSO-PCR. 

Concordant results Disconcordant results Concordance rate % 

One-field Two-field One-field Two-field One-field Two-field 

HLA-A 78 77 0 1 100 99 
HLA-B 73 66 1 8 99 89 
HLA-C 87 83 1 5 99 94 
HLA-DRB1 98 98 0 0 100 100 
HLA-DRB3* 25 24 0 1 100 96 
HLA-DRB4* 15 15 0 0 100 100 
HLA-DRB5* 19 19 0 0 100 100 
HLA-DQA1 100 99 0 1 100 99 
HLA-DQB1 74 72 0 2 100 97 
HLA-DPA1 100 99 0 1 100 99 
HLA-DPB1 94 94 0 0 100 100 

*For HLA-DRB3-5, results are presented at the sample level. 

(HSCT) (Petersdorf et al., 2014, 2020). However, despite of these 
findings, expression analysis is not included in donor selection. 
With the UMIs already incorporated in our library preparation 
process, ONT RNA-Seq method could in the future be expanded 
to enable parallel HLA genotyping and accurate expression 
quantification using molecule counting. 

The main goal of this study was to evaluate the suitability 
of ONT RNA-Seq for HLA typing. The method included 
transcription of 25 ng of RNA into cDNA using a template 
switching oligo, incorporation of a 5 end 10 bp UMI, followed 
by HLA amplicon enrichment using 5 end primer specific 
for template switching sequence and seven 3 end HLA gene 
specific primers. To make the approach cost effective, HLA 
amplicons were divided into two gene pools, and indexed with 
unique sample-specific barcode sequences. Final steps of the 
workflow were multiplexing of gene pools of 10 individuals, 
library preparation using the 2D sequencing chemistry, and 
sequencing of gene pools on the MinION R9.4 SpotON flow 
cell. The method enabled sequencing of 10 individuals and eight 
or four HLA genes, depending on the gene pool, together in a 
single sequencing run. 

The sequence analysis was conducted with SeqPilot software, 
which has previously been utilized also in the genotyping of 
HLA-B alleles in genomic amplicon data (Ton et al., 2018). The 

analysis consisted of two main steps. First, SeqPilot aligned 2D 
reads against selected HLA genes, which are called ROIs. SeqPilot 
calculated the number of reads aligning to these selected genes. 
Second, it performed a quality filtering to the aligned reads. The 
ones, which passed this step, were used in the allele assignment. 
After the sequence analysis, SeqPilot reported both the number 
of aligned reads and the number of assigned reads passing 
the quality filter. Using ONT RNA-Seq data, SeqPilot software 
aligned in average of 30,000 reads per individual to the ROIs 
of both gene pools. Of these reads, approximately 17,000 were 
good-quality reads, which passed the filter and took part in the 
allele assignment. At the time of this study, HLA typing software 
SeqPilot had been validated only for genomic data. Therefore, our 
study was the first one to use SeqPilot in the analysis of ONT 
RNA-Seq data. From ONT RNA-Seq reads, SeqPilot successfully 
called 80% of class I alleles and 95% of class II alleles at two-field 
resolution or higher. The gene-level allele calling rates were 78, 
74, and 88% for HLA-A, HLA-B, and HLA-C. The low accuracy 
in these genes might have been caused by the low sequencing 
depth in exons 1, 2, and 3 we saw in the SeqPilot interphase 
(Supplementary Figure 1). We are uncertain of what could have 
caused the lower sequencing depth in this specific area. These are, 
however, the first three exons of class I genes. For this reason, 
one possible explanation could be an inadequate efficacy of the 
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RT enzyme to transcribe longer class I molecules. Since most of 
the allele distinguishing polymorphisms in HLA genes are located 
in exons 2 and 3, the coverage of these polymorphic positions 
might not have been sufficient in our ONT RNA-Seq data. This 
most likely has led to the poorer sensitivity in allele assignment in 
class I compared to class II genes. 

In the majority of cases where SeqPilot could not make a 
confident call in HLA typing, the number of reads was lower 
than the average read count with successful calls. Other studies 
using ONT genomic data have also shown that enough coverage 
is required for accurate genotyping results (Liu et al., 2018; 
De Santis et al., 2020; Stockton et al., 2020). However, in 
some cases, very few reads were sufficient to produce accurate 
genotyping result. This indicated that there were also other 
factors affecting the accurate HLA typing such as the sequence 
read quality and basecalling accuracy. In the SeqPilot interphase, 
most of the mismatches to the reference allele were caused 
by a background noise, deletions, or homopolymer regions. 
With R9.0 MinION flow cells, the rates of miscalls, insertions, 
and deletions were 6.2, 3.1, and 5.7%, respectively (Jain et al., 
2017). Since our study, ONT has launched two new flow cells 
(R10 and R10.3) and replaced the 2D sequencing chemistry 
with the 1D2 chemistry3, which no longer uses the hairpin 
to physically connect the template and complement strands. 
However, similarly to ONT’s 2D chemistry, in the 1D2 chemistry, 
both strands of the DNA duplex are sequenced consecutively 
to obtain an accurate consensus sequence. According to ONT, 
the quality of 1D2 and the number of reads produced should 
be higher compared to the 2D chemistry. These improvements 
might provide a solution to the error rate and homopolymers 
leading to higher allele calling rates and fewer ambiguities in 
ONT RNA-Seq data. 

In the comparison between ONT RNA-Seq and Luminex SSO-
PCR, the average concordance at two-field typing resolution was 
94% for class I genes and 99% for class II genes. Our results 
showed that HLA-B in ONT RNA-Seq was particularly difficult 
for SeqPilot to interpret. In all cases with discrepancy in HLA-B 
between the two methods, SeqPilot suggested a more uncommon 
allele option. The discrepancies were focused to allotypes B∗07 
and B∗35. Compared to the previous studies using MinION in 
the sequencing of HLA-B (Ton et al., 2018; De Santis et al., 2020), 
our ONT RNA-Seq method did reach as high concordance with 
the validation method. This might be due to methodological 
differences or differences in data analysis since both of the 
previous studies were based on the analysis of genomic data. 
Additionally, the low sequencing coverage in exons 1, 2, and 
3 most likely decreased the class I typing accuracy and hence 
further affected the concordance rate. 

While SeqPilot’s performance in allele calling was promising, 
the software was not optimized for ONT RNA-Seq data at the 
time of this study. Several HLA typing algorithms for Illumina 
RNA-Seq already exist, such as seq2HLA (Boegel et al., 2012), 
HLAProfiler (Buchkovich et al., 2017), and arcasHLA (Orenbuch 
et al., 2020). However, the HLA typing tool set for ONT RNA-Seq 

3https://nanoporetech.com/about-us/news/1d-squared-kit-available-store-
boost-accuracy-simple-prep 

has remained very limited, and additional HLA typing software 
dedicated for MinION data would be beneficial. For genomic 
ONT amplicon data, some HLA genotyping algorithms have 
already been developed (Liu et al., 2018; Schöfl et al., 2018). 
However, they have been limited to only certain HLA genes. 
In addition to these academic algorithms, another commercial 
HLA typing software, NGSengine (GenDX), for ONT genomic 
data has been validated recently (van Deutekom et al., 2017). 
Despite the very promising results obtained with these software, 
the high error rate of 10–15% (Jain et al., 2017, 2018) occurring 
in ONT reads and the homopolymer issue (Liu, 2020) are still 
hampering accurate allele assignment and preventing ONT’s 
routine applicability for clinical HLA typing. ONT is still a 
relatively novel technology in HLA research, and the constantly 
changing sequencing chemistries and high error rates might have 
hindered the development of comprehensive HLA typing tools. 
Our study was the second reported work to perform HLA typing 
from ONT RNA-Seq data and the first where both class I and II 
genes were included. With the growing interest toward ONT’s 
long read technology and ONT’s ability to perform accurate 
HLA typing, we expect the number of bioinformatics tools to 
grow in the future. 

Oxford Nanopore Technologies has already provided direct 
sequencing from RNA without the need for any amplification 
steps included in the sequencing library preparation4. This is 
definitely an interesting option and may enable simultaneous 
HLA typing and HLA expression quantification. With increasing 
data yields, it might be possible to determine accurately HLA 
expression at both gene and allele levels. With no additional 
amplification steps in the library preparation protocol, the 
workflow would accelerate and eliminate possible PCR bias. 
While there are many advantages for ONT to be utilized in 
HLA research, several challenges such as the high error rate and 
the lack of optimized HLA typing software for ONT data need 
to be addressed. In addition to the updates in the sequencing 
chemistry, ONT’s improved nanopore technology of R10.3 flow 
cells may further lower error rates and result in higher data 
yields in the future. With improved read accuracy and the 
homopolymer issue solved, we can also expect more accurate 
HLA allele calling in ONT RNA-Seq. 

In summary, we developed a highly multiplexed RNA-based 
assay for ONT that enabled genotyping of 12 classical HLA genes 
of 50 individuals in 10 MinION runs. With the available and 
future developments in the flow cells and associated sequencing 
chemistries, we expect the accuracy of the ONT RNA-Seq to 
improve further. Our method is applicable to the typing of 12 
HLA loci in various tissues. With the higher read counts, it may 
also be used to multiplex even more samples or genes together in 
a single MinION sequencing run. 
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4https://nanoporetech.com/applications/rna-sequencing 
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Abstract 
The expression of human leukocyte antigens (HLA) is crucial for the initiation of 
effective antitumor immune responses and development of T cell -based 
immunotherapies whereas the lack of their expression is important for natural killer cell 
-based therapies. To comprehensively study HLA mRNA expression levels and potential 
downregulation of HLA expression in different anatomical sites in high-grade serous 
ovarian cancer (HGSC) before and after chemotherapy, we used bulk RNA-seq to 
quantify the expression of nine classical and seven non-classical HLA genes in 152 
samples from 54 patients. We found differential HLA expression mainly in non-classical 
HLA genes between multiple anatomical sites including different intra-abdominal solid 
tissues and ascites fluid. Comparison between the untreated and the treated samples 
showed that the chemotherapy increased the level of HLA expression only in omentum, 
where it was associated with changes in the cell composition.  By using an intra-patient 
analysis comparing samples from different tissues and treatment phases, we discovered 
changing allelic imbalance in some patients. Additionally, we found HLA allele-specific 
expression loss in multiple samples indicating HLA downregulation in distinct 
anatomical sites. In summary, our study shows variable and dynamic expression of HLA 
alleles at multiple levels in HGSC patients that is important to consider when developing 
immune cell therapies. 

Introduction 
HGSC is the most lethal gynecological malignancy causing 70–80% of all ovarian cancer-
related deaths (1,2). It is often diagnosed at an advanced stage with widely spread intra-
abdominal metastases and malignant abdominal fluid, ascites (3). Despite recent therapy 
advances (4,5) in addition to the more conventional options, debulking surgery and 
platinum/taxane based chemotherapy, the relapse rates have remained high (2) and the 
prognosis is poor with only 40% of the HGSC patients surviving after five years (1,6). 
Due to the urgent need for novel therapeutics, rapidly evolving immunotherapies have 
raised interest as possible treatment options for ovarian cancer (7). Understanding tumor 
heterogeneity, niche, immune-tumor interactions, and chemotherapy’s effect on them is 
crucial for the development of these therapeutic approaches. 

To shed light on immune responses after chemotherapy, the tumor-immune 
microenvironment (TIME) of epithelial ovarian cancer (EOC) has been extensively 
studied (8–11), including e.g. inventions on the prognostic value of immune infiltration 
in biopsies before and after neoadjuvant chemotherapy (NACT) (12), and establishing the 
association between tumor infiltrating lymphocytes (TILs) and prolonged survival (13). 
According to recent studies, NACT shapes EOC’s TIME by increasing cytolytic activity, 
infiltration of natural killer (NK) cells, and oligoclonal expansion of T cells (14). 
Additionally, carboplatin, the most important chemotherapy regimen in EOC first line 
treatment, was shown to upregulate the expression of HLA class I and non-classical genes 
in EOC cells (13). 
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78 HLA molecules are the key players in human immunity and responsible for presenting 
79 antigenic peptides on cell surfaces to T cells and interacting with receptors on natural 

killer (NK) cells. HLA genes are divided into three main classes, which are class I, class 
81 II, and non-classical genes (16). Class I genes, HLA-A, -B, and -C present intracellular 
82 peptides to CD8+ T cells and act as ligands to killer-cell immunoglobulin-like receptors 
83 (KIRs). In contrast, class II genes, HLA-DRA, -DRB1, -DQA1, -DQB1, -DPA1, and DPB1 
84 present extracellular peptides to CD4+ T cells. Whereas class I genes are expressed on all 

nucleated cells, the expression of class II genes is restricted to professional antigen-
86 presenting cells (APCs), such as B cells, dendritic cells, and macrophages.  In contrast to 
87 classical HLA genes (class I and class II), certain non-classical HLA genes exhibit 
88 inhibitory effects on immune cells (17). Especially, the overexpression of HLA-E, and -
89 G in several malignancies has led to poor clinical outcomes (18). Recent pan-cancer 

studies have demonstrated differential HLA expression  across human cancers and 
91 significant association with prolonged overall survival (OS) in the majority of cancer 
92 types (19,20) indicating HLA gene expression as an important factor of anti-tumor 
93 immunity. In HGSC, high HLA class I expression has been previously linked to improved 
94 overall survival (OS) and progression free survival (PFS) (21,22). Additionally, a 

comparison between ovarian tumors and benign fallopian tube tissues showed 
96 significantly higher expression of class I genes in tumor tissue (23). Although, earlier 
97 studies have reported differential HLA expression levels and associations between HLA 
98 expression and patient’s prognosis in ovarian cancer, detailed information has been 
99 lacking about the variation of HLA expression between different anatomical sites and 

chemotherapy’s effect on the expression of all HLA genes. 

101 In the present study, we performed a comprehensive analysis of HLA expression at class 
102 and gene-level in several anatomical sites in different treatment phases in a longitudinal 
103 HGSC cohort. Our analysis of 152 bulk RNA-seq samples from 54 HGSC patients 
104 revealed distinct HLA expression profiles of non-classical HLA genes between different 

anatomical sites and between untreated and chemotherapy-treated patients in omentum. 
106 Additionally, our intra-patient analysis showed heterogeneous immune cell subtypes, 
107 differential gene expression levels, and varying allelic imbalance between samples 
108 providing information of the levels of heterogeneity in HGSC. 

109 

111 Materials and methods 
112 

113 Patients 

114 The study cohort consist of HGSOC patients treated in Turku University Hospital, 
Finland. All patients participating in the study provided written informed consent. Fresh 

116 tissue samples were collected from multiple intra-abdominal sites in surgeries before 
117 chemotherapy and after NACT. In addition, ascites cells were obtained from ascites 
118 punctures made in disease relapse. Table S1 presents both the clinical characteristics of 
119 patients and the sample characteristics in detail. The study and the use of all clinical 

material have been approved by the Ethics Committee of the Hospital District of 
121 Southwest Finland (ETMK) under decision number EMTK: 145/1801/2015. 
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Sequencing data 

152 bulk RNA-seq samples and 45 blood WGS samples from 54 ovarian cancer patients 
were acquired for this study. Out of the 152 bulk RNA-seq samples, 93 samples were 
taken before the chemotherapy, 44 were taken after the chemotherapy, and 15 from 
relapsed cancers. The sample cohort is a part of the DECIDER project 
(https://www.deciderproject.eu) and the sample collection of the bulk RNA-seq data was 
performed as previously described (24). 

HLApers 

To obtain HLA genotypes and accurate HLA allele-level expression, we applied 
HLApers data analysis pipeline (25) with the STAR-Salmon option for the bulk RNA-
seq data. HLApers performs HLA genotyping by aligning reads against all known HLA 
alleles and then generates a personalized sample-specific HLA index based on the HLA 
genotypes. This index is then used for quantifying HLA allele-specific expression. 
Expression data was normalized for library composition (TMM-method) and then for 
gene length (FPKM) with the R package “DGEobj.utils” (v 1.0.6). 

HLA*LA 

HLA*LA pipeline (26) was used for the HLA genotyping of the blood WGS data. First, 
reads mapping to region chr6:28510120-33480577 and unmapped reads were extracted 
from previously created BAM files to fastq files using Anduril workflow platform (27). 
Fastq files were then re-aligned against GRCh38 genome with BWA-MEM (version 
0.7.17-r1188) (28). SAM files were converted to BAM files, sorted, and indexed with 
samtools (version 1.10) (29). Indexed BAM files were used as inputs in the HLA*LA 
pipeline. 

PRISM 

PRISM was used to estimate the global sample composition (epithelial ovarian carcinoma 
cells (EOC), fibroblasts, immune cells, and unknown cells) of the bulk RNA-seq data as 
described in a previous study (24). 

CIBERSORTx 

CIBERSORTx (https://cibersortx.stanford.edu/) was used to estimate the immune cell 
composition from bulk RNA-seq data with the standard LM22 signature gene file and 
100 permutations. P-values of < 0.05 were considered significant. 

ComplexHeatmap 
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195 

Heatmaps comparing HLA gene-level expression between the individual samples were 
161 produced with the R package “ComplexHeatmap” (version 2.8.0) (30) in RStudio 
162 (version 1.4.1717) with R version 4.1.1. 

163 

164 coxme 

Cox proportional hazards model with random effects from the R package “coxme” 
166 (version 2.2-16) (31) was used to study the association between HLA gene-level 
167 expression and platinum-free interval (PFI) and OS in the DECIDER bulk RNA-seq data 
168 in RStudio (version 1.4.1717) with R version 4.2.0. We set sample name, anatomical site, 
169 and treatment phase as random effects in our model. 

171 Kaplan-Meier plotter 

172 The Kaplan-Meier plotter website (http://www.kmplot.com)(32) with auto select option 
173 for the cut-off values was used to compare the associations between the HLA gene-level 
174 expression and PFS and OS in 371 ovarian cancer patients from the Cancer Genome Atlas 

(TCGA, https://cancergenome.nih.gov/). 

176 

177 Statistical analysis 

178 All statistical analyses except survival analysis with coxme were performed using 
179 GraphPad Prism v9.3.1 (GraphPad Software). Our data mainly consisted of patients with 

only one sample per tissue and per treatment phase. For those patients with several 
181 samples from the same tissue we calculated the mean expression to eliminate the bias in 
182 statistical testing. A minority of the patients also had samples from different treatment 
183 phases (preoperative, interval, and relapse). For those patients, we randomly selected 
184 samples so that we had only one sample per tissue and per treatment phase from an 

individual patient. Statistical significance of HLA class- and gene-level expression, cell 
186 composition between different treatment phases and immune cell subtypes were analyzed 
187 using the non-parametric Kruskal-Wallis test or the Mann-Whitney U test. Kruskal-
188 Wallis test was followed by Dunn’s post-hoc analysis. The classical HLA genes: HLA-A, 
189 -B, -C, -DRA, -DRB1, -DQA1, -DQB1, -DPA1, and -DPB1 and non-classical HLA genes: 

HLA-E, -F, -G, -DMA, -DMB, -DOA, and -DOB were included in the gene-level 
191 comparisons between different tissues and treatment phases. The Spearman correlation 
192 coefficients were applied in the comparison of HLA expression and cell composition 
193 (EOC, fibroblasts, immune cells, and unknown cells) and HLA class-level expression and 
194 the amount of immune cell subtypes. In all tests, p-value < 0.05 after Benjamini-Hochberg 

(BH) correction was considered statistically significant. 
196 

197 

198 

199 
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Results 
201 

202 Characteristics of the patients 

203 In this study, we used a longitudinal HGSC cohort including 152 bulk RNA sequencing 
204 samples from 54 HGSOC patients. The 152 samples were acquired from different intra-

abdominal anatomical sites of solid tumors and ascites fluid. Out of the 152 samples, 93 
206 samples were taken before chemotherapy (i.e. untreated), 44 were taken after the 
207 chemotherapy (treated samples), and 15 after the relapse (recurring disease). The median 
208 PFI for all patients was 6.9 months and the median OS 30.3 months. Out of 54 patients, 
209 four carried somatic BRCA1 mutations and four somatic BRCA2 mutations. 

211 HLA expression in different anatomical sites 

212 To study HLA expression in the HGSC patients, we first compared HLA class I and class 
213 II expressions in six different anatomical sites (ascites, lymph node, mesenterium, 
214 omentum, ovary, and peritoneum). For this comparison, we selected only the anatomical 

sites, which had more than five patients. At the class-level, we found no significant 
216 differences in class I or class II expression between different tissues, which may be due 
217 to the high inter-patient variation we saw in all anatomical sites (Figure 1A-B). 
218 According to the median expression, the order of the tissues in class I was lymph node (n 
219 = 5) > mesenterium (n = 7) > omentum (n = 28) > ascites (n = 16) > peritoneum (n = 24) 

> ovary (n = 24) and in class II lymph node > ascites > mesenterium > omentum > 
221 peritoneum > ovary. 

222 Next, we investigated the gene-level expression of both classical and non-classical HLA 
223 genes with the same patients and anatomical sites as previously. Figure 1C shows that 
224 there were variation between the different HLA genes and between different tissues. The 

comparisons of HLA gene-level expression with the Kruskal-Wallis test between 
226 different anatomical sites showed statistically significant differences for certain genes 
227 (HLA-DQA1 p = 0.048, HLA-F p = 0.027, HLA-DOA p = 0.013, and HLA-DOB p = 
228 0.005). The significant pairs from the Dunn’s post hoc tests are shown in Table S2. 

229 

Association between HLA expression and BRCA mutations or prognosis 

231 We also checked HLA gene-level expression in different anatomical sites between 
232 individual samples (Figure S1). In all four anatomical sites, the hierarchical clustering 
233 showed that HLA genes from similar HLA classes clustered together. HLA-A, -B, -C, -
234 DRA, and -DRB1 showed the highest expression levels in all anatomical sites, whereas 

HLA-DOA, -DOB, and -G showed the lowest expression levels in all anatomical sites. We 
236 found no clustering in HLA expression for BRCA status or for the three PFI groups (< 6 
237 months, 6-12 months, and > 12 months). To study the association between the PFI and 
238 OS and HLA gene expression in more detail, we used a Cox proportional hazards model 
239 with random effects (sample name, anatomical site, and treatment phase). In our analysis, 

we found no statistically significant associations between the expression of classical and 
241 non-classical HLA genes and OS and PFI. To confirm our results, we used Kaplan-Meier 
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plotter to study the OS and progression free survival (PFS) in 371 ovarian cancer patients 
from TGCA dataset. After correcting for multiple comparison with BH procedure, only 
HLA-DOB was positively associated with OS (p = 0.006, logrank test HR = 0.63, 95% CI 
0.48 ‒ 0.81, cut-off 51, Figure S2). Together with our findings, these results suggest that 
the level of HLA mRNA expression has no overall effect on the outcome of HGSC, 
although HLA-DOB could have a potential prognostic value. 

HLA expression in different treatment phases 

To investigate whether the treatment phase affects HLA expression, we compared HLA 
class I and class II level expression between the untreated, treated, and relapsed patients 
(Figure 2). We selected only the anatomical sites, which had at least three patients per 
treatment phase (omentum, mesenterium, ovary, and ascites). The number of patients in 
the untreated and treated groups were 4 and 3 in the mesenterium, 16 and 12 in the 
omentum, and 14 and 10 in the ovary, respectively. In ascites, we compared the 
expression between 9 untreated patients and 6 relapsed patients. Our analysis with Mann-
Whitney U-tests showed that only the level of class II expression in omentum was 
increased in the treated samples when compared to untreated samples (FDR p = 0.02, 
Figure 2C). However, our analysis did not find any statistically significant differences in 
ascites, mesenterium, or in the ovary (Figure 2A-B, D) between different treatment 
phases. The comparison between HLA class-level expression and the fraction of tumor 
cells showed that the level of class I and class II expression negatively correlated with the 
tumor purity. We also inspected the treatment’s effect at the gene-level in both classical 
and non-classical HLA genes. Our analysis with Mann-Whitney U-tests showed that in 
omentum, the expression of HLA-DQA1, DMA, -DMB, -DOA, and -DOA was increased 
after the chemotherapy (Figure S3). The increased expression in these genes is associated 
with the lower tumor purity in omentum after the chemotherapy (Table S3). In ascites, 
mesenterium, or in ovary, the treatment had no statistically significant effect on 
expression in any of the HLA genes (Figure S4). 

Correlation between HLA expression and cell composition 

We also compared the CIBERSORTx-decomposed immune cell subtypes between 
different treatment phases within tissue. A comparison of the mean abundances of 
immune cell subtypes showed that on average the resting memory CD4+ T cells were the 
most frequent cell components in all four anatomical sites and in all different treatment 
phases (Figure 3A). In our analysis, we found no statistically significant changes in the 
proportions of immune cell subtypes before and after the chemotherapy (Mann-Whitney 
U), which might be due to the high inter-patient and intra-patient heterogeneity in the 
fractions of different immune cell subtypes (Figure S5). 

Additionally, we investigated the associations between class I and class II level 
expressions and the abundances of EOCs, fibroblasts, and immune cells in ascites, 
mesenterium, omentum, and ovary in different treatment phases (Figure 3B). Our results 
showed positive correlations (Spearman) between class II expression and the amount of 
immune cells in omentum both prior and after the treatment (r = 0.60, FDR p = 0.005, r 
= 0.77, FDR p = 0.005), and in ascites in relapse (r = 0.75, FDR p = 0.026). The proportion 
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of immune cells was correlated positively with class I expression in the treated samples 
in omentum (r = 0.77, FDR p = 0.005) and in the untreated samples in ovary (r = 0.63, 
FDR p = 0.022). Additionally, we investigated the correlation between HLA class-level 
expression and the amount of immune cell subtypes in the four anatomical sites using 
Spearman correlation. In our analysis, the only statistically significant correlations that 
we found were in omentum between class I expression and memory B cells and activated 
NK cells (r = 0.55, FDR p = 0.04, r = 0.55, FDR p = 0.04, respectively). 

To investigate how the cell composition correlates with HLA gene-level expression 
without stratification for the treatment phase, we compared expression levels of classical 
and non-classical genes with the proportions of EOC, fibroblasts, and immune cells in six 
different anatomical sites (Figure 3C). Our results showed that high HLA gene-level 
expression positively correlated with proportion of immune cells and fibroblasts, and 
negatively correlated with proportion of EOC cells. These negative correlations to tumor 
purity of the sample were the most abundant in ascites, mesenterium, and omentum. 
Finally, we compared the proportions of specific immune cell subtypes between ascites, 
mesenterium, omentum, and ovary. Our analysis of the immune cell fractions with a 
frequency of at least 5% with Kruskal Wallis test and Dunn’s post-hoc tests showed 
certain differences between these four anatomical sites (Figure S6). Omentum had 
significantly higher proportion of CD8+ T cells (p = 0.02) and Tregs (p = 0.03) than 
ascites. Additionally, the proportion of M0 macrophages was significantly lower in 
omentum than it was in mesenterium (p = 0.01) or in ovary (p = 0.03). 

Intra-patient analysis of HLA gene-specific expression and allelic imbalance 

Next, we sought to investigate whether HLA gene- and allele-specific expressions (ASE) 
change between the samples within the patients. For this, we selected six patients, which 
had in total at least four samples from the four anatomical sites (ascites, mesenterium, 
omentum, and ovary). Figure 4 shows the cell composition and gene expression levels of 
class I and class II genes between the samples in six patients, EOC1129 (A), EOC26 (B), 
EOC891 (C), EOC117 (D), EOC183 (E), and EOC218 (F). In all six patients, there were 
differential cell composition and gene expression profiles between the different 
anatomical sites. A visual inspection of the gene expression between samples showed that 
in some samples the changes in gene expression levels were clearly explained by the 
tumor purity e.g. in patient EOC891 (C). However, we also detected differential 
expression levels between tissues (A) and even between samples within the same tissue 
(D) despite their similar cell composition profiles. Additionally, some of the samples such 
as EOC177_pAsc1 (D) and EOC183_iMes5 (E) with a high proportion of EOC cells had 
higher HLA expression when compared to the samples with lower proportion of EOC e.g. 
EOC177_pOme3 (D) and EOC183_pOme (E) suggesting that the expression level is also 
affected by other factors such as the tissue or the proportion of immune cells in the 
sample. In addition to the differential cell composition and gene expression profiles 
between different samples, an inter-sample comparison of the immune cell subtypes 
showed that while the resting memory CD4+ T cells were the most abundant cell 
component in the vast majority of all samples, also the immune cell profiles between and 
within patients were highly variable (Figure S7). 
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To explore the potential changes at the allele-level between the samples, we calculated 
ASE as an expression ratio between two heterozygous alleles and attributed it to the less 
expressed allele. We only included those samples, which had a concordant genotyping 
result at the 3-field resolution. Surprisingly, the allele-level expression changed across 
the samples in some patients (Figure 5A, D, F), whereas it stayed more constant with 
others (B, C, E). In patients EOC1129 (A) and EOC183 (E), all three class I genes showed 
similar ASE pattern between the samples. Additionally, in patients EOC177 (D) and 
EOC218 (F), HLA-B and HLA-C had similar ASE patterns. We also found that in patient 
EOC1129 (A), HLA-DRB1 and HLA-DQA1 had similar patterns. In patient EOC177 (D), 
we saw similar ASE patterns between HLA-DRA and -DQB1 and between HLA-DRB1 
and -DQA1. No notable inter-sample ASE variation in class I genes was found in patients 
EOC26 except for HLA-DQB1 (B) and EOC891 (C). In some patients, the dominant allele 
changed between the different samples. This was found in HLA-A (n = 3), HLA-C (n = 
3), HLA-DRA (n = 1), HLA-DRB1 (n = 2), HLA-DQA1 (n = 2), and in HLA-DQB1 (n = 
1). Interestingly, the two patients with the most prominent ASE between the different 
samples (A, D) carried at least one of the two common autoimmune haplotypes: 
DRB1*03:01-DQA1*05:01-DQB1*02:01 and DRB1*04:01-DQA1*03:01-DQB1*03:02 
associated with celiac disease (33) and type 1 diabetes (34), whereas as the other patients 
did not. 

Allele-specific expression loss in HGSC patients 

In addition to HLA expression levels, we investigated the possible HLA allele-specific 
expression loss (ASE loss) meaning in this case that the expression of the second allele 
in heterozygous pairs is completely lost. We first identified the homozygous allele pairs 
in our bulk RNA-seq data in genes HLA-A, -B, -C, -DRB1, -DQA1, -DQB1, -DPA1, and 
-DPB1 and compared these allele pairs with HLA genotyping results acquired from blood 
WGS data. For the 152 samples in our dataset, 135 had matching blood WGS data. Out 
of these 135, we found 17 samples (13%) with ASE loss (Figure 6A). The average and 
range of the tumor purity in our HLA ASE samples were 0.711 and 0,301‒0.953, 
respectively. In 71% (12/17) of the ASE loss samples it was higher than the tumor purity 
average of the whole dataset (0.614). In 67% of the cases with multiple samples from the 
same patient, the tumor purity was higher in the sample with HLA ASE loss than the 
average tumor purity of all samples within the patient. Eleven of the ASE loss cases were 
in untreated samples (average tumor purity = 0.766) three in treated samples (average 
tumor purity = 0.352), and three in relapse samples (average tumor purity = 0.829). At 
the patient-level, we identified ten patients (21%) with ASE loss (Figure 6B). In all 
patients, which we identified more than one sample with ASE loss, the missing allele was 
always the same. Out of the 17 samples with ASE loss, we found one in adnex, lymph 
node, and umbiculus, two in omentum, and four in ascites, ovary, and peritoneum. 
(Figure 6C). Since some samples had ASE loss in several genes, we calculated the 
number of ASE losses per anatomical sites (Figure 6D). The number of ASE losses in 
adnex, ascites, lymph node, omentum, ovary, peritoneum, and umbilicus were two, 
eleven, seven, two, nine, nine, and five, respectively. We also compared the number of 
ASE loss between different HLA genes (Figure 6E). We identified nine cases in HLA-A, 
six in both -B and -C, seven in -DRB1, four in -DQA1, eleven in -DQB1, and two in -
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DPB1. HLA-DPA1 had no ASE loss cases. Finally, we checked the PFI of the patients 
376 who had ASE loss in their samples (Figure 6F). In one of the patients, the PFI was shorter 
377 than six months. In three samples, the PFI was between six and twelve months, and in 
378 thirteen samples the PFI was longer than twelve months. The median OS of the patients 
379 with ASE loss (28 months) was slightly shorter than the median OS of all HGSC patients 

(30.3 months). 

381 

382 

383 Discussion 
384 Although extensive investigation of the components in the tumor immune 

microenvironment has shed light to tumor-immune interface in ovarian cancer, less is 
386 known about the role of HLA expression. In the present study, we investigated HLA 
387 expression in different anatomical sites in different treatment phases. Using bulk RNA-
388 seq data from various intra-abdominal sites, and ascites fluid collected prior and after the 
389 treatment and in relapse, we detected varying gene-level expression in several non-

classical HLA genes between different anatomical sites. Our comparison between the 
391 untreated and treated samples showed that chemotherapy only increased the expression 
392 of HLA-DQA1 and non-classical class II genes in omentum. With our intra-patient 
393 analysis we showed divergent cell composition and HLA gene-level expression within 
394 individual patients highlighting the heterogeneity of HGSC. Additionally, we detected 

changing allelic imbalance between samples within patients suggesting that the tissue and 
396 chemotherapy could affect HLA expression at the allele-level. 

397 Cell surface expression of HLA molecules is a requirement for an effective T cell 
398 mediated immune response against tumor cells and the development of T cell -based 
399 immunotherapies (35,36). By recognizing the tumor antigens presented by HLA class I 

molecules, cytotoxic CD8+ T cells are able to kill the malignant cells (37). 
401 Downregulation of HLA expression in cancer cells leads to impaired T cell-mediated 
402 killing, thus enabling tumors to evade T cell immune surveillance (38).  Despite the 
403 potential benefits of low HLA expression for tumors, Schuster et al. (23) reported strong 
404 HLA class I expression in ovarian tumors without any evidence for HLA loss or down-

regulation. Interestingly, Schuster et al. also detected a high expression of HLA-DR 
406 molecules in single EOC cells indicating that increase in HLA-DR expression can be 
407 independent of tumor infiltrating professional APCs. Our comparison with different 
408 anatomical sites revealed differential HLA gene-level expression profiles between tissues 
409 mainly focusing on non-classical HLA genes. Although, we did not find statistically 

significant differences at the class-level, based on the median expression we found that 
411 the expression of HLA class I and II was the lowest in ovary and the highest in lymph 
412 nodes, which is in accordance with HLA expression in normal tissues (39). Concordantly 
413 to an earlier pan-cancer study (19), we also found similar expression patterns within HLA 
414 classes. 

Although the effect of chemotherapy on TIME has been widely studied in ovarian cancer 
416 (12,14), chemotherapy’s impact on HLA expression has remained mainly unknown. 
417 Brunekreeft et al. (40) reported decreasing HLA class I expression at protein-level after 
418 the NACT. In contrast, Hao et al. (13) demonstrated that chemotherapy agent, 
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carboblatin, increased the expression of class I genes and HLA-E, -F, and -G after the 
treatment in EOC cells. Similar findings of chemotherapy upregulating HLA class I have 
been reported also in other malignancies (41–43). Our analysis of HLA class and gene-
level expression before and after the chemotherapy highlights the heterogeneous effect of 
chemotherapy in different anatomical sites. We discovered that the chemotherapy’s effect 
on HLA expression was rather modest since it increased mainly the expression of non-
classical class II genes in omentum. In ascites, mesenterium, or in ovary chemotherapy 
did not induce elevated expression, although we did see a trend of increasing expression 
levels of class I and class II genes in mesenterium after the chemotherapy. It may be that 
the significant differences are masked in bulk RNA-seq data and could only be discovered 
by analyzing HLA expression from different cell types e.g. in EOC cells. 

Earlier studies have found association between HLA class I expression and patient’s 
prognosis. Shehata et al. (21) demonstrated that high HLA class I expression at protein-
level was linked with improved OS. Additionally, Matsushita et al. (22) showed that 
patients with both high neoAg numbers and high HLA class I expression had the longest 
PFS in homologous recombination (HR)-deficient HGSC. In our study, the only 
association we found was between HLA-DOB and OS suggesting that HLA mRNA 
expression does not predict the outcome in HGSC. Overall, HLA expression negatively 
correlated to tumor purity in our data, which means that majority of bulk HLA signal 
came from other than tumor cells. Thus, downregulation of HLA expression in cancer 
cells is hard to detect and can explain why we could not detect differences between HLA 
expression and OS. In addition to HLA class I expression, also HLA ASE loss has been 
associated with worse OS in other tumors (44). However, in our HGSC cohort, we did 
not find association between HLA ASE loss and PFI and OS. It could be that at mRNA 
level in HGSC there are other factors, which compensate ASE loss e.g. high expression 
of the other allele or high total HLA expression and clinical factors such as surgery and 
age. Additionally, loss of HLA expression on the surface of tumor cells makes them 
susceptible for NK cell -mediated killing (45). 

Our results from the intra-patient analysis support the earlier findings of the heterogeneity 
of the TIME in different metastatic sites within HGSC patient (8). By comparing the cell 
composition and immune cell subtypes we discovered variation between different 
anatomical sites and treatment phases. Additionally, we found differential HLA gene 
expression levels between samples within patients. These differences were not entirely 
explained by the tumor purity suggesting that HLA expression may be tissue-specific and 
that other factors such as the proportion of immune cells can alter the level of HLA 
expression. Interestingly, we also found changing allelic imbalance between two 
heterozygous HLA alleles. Dynamic HLA ASE (dynASE) has been previously 
demonstrated in a study where ASE changed over time during T cell activation (46). Our 
data showed that in some patients, allelic imbalance in class I and class II genes changed 
between the distinct anatomical sites and treatment phases suggesting that both the tissue 
and chemotherapy could alter the expression ratio in heterozygous HLA alleles. 
Interestingly, the patients with the highest variation in allelic imbalance were carriers of 
known autoimmune haplotypes potentially indicating that the autoimmune risk alleles 
could affect the expression in response to chemotherapy or factors in TIME. However, 
this finding needs to be confirmed in a higher number of patients and samples. Here, we 
studied only ASE in HLA, but in the previous study, the authors reported that the dynASE 
genes also outside HLA were enriched in autoimmune loci (46). Differential expression 

11 



 

  
      

   
  

       
       

  
   

   
   

   
   

  
     

 

 

  

  
    

     
  

     
   

   
   

 

 

 

  

 

 

 

  
   

  
    

 
  

   

466 levels between distinct HLA alleles have been previously demonstrated in several studies 
467 using single samples from lymphoblastoid cell lines or PBMCs (25,47,48), however, the 
468 changing allelic imbalance between tissues and treatment phases will add another level 
469 of variation to these complex genes. 

470 
471 

Although, our study provides novel insights into HLA expression in HGSC, it has notable 
limitations. First, our data mainly consisted of mainly non-paired patient samples from 

472 
473 

different anatomical sites and treatment phases. Furthermore, we used bulk RNA-seq and 
thus are unable to distinguish, which the HLA expression levels in different cells. By 

474 using single-cell RNA-seq or spatial sequencing this issue could be overcome allowing a 
475 more accurate analysis of the gene- and allele-level changes in HLA expression between 
476 cell types, tissues and treatment phases. Finally, we have not analyzed potential factors 
477 affecting HLA expression or incorporated an analysis of protein-level HLA expression in 
478 this study. We acknowledge that by including these components in the future studies, 
479 HLA expression in HGSC can be more accurately investigated. 

480 

481 

482 Conclusions 

483 
484 

In summary, we showed varying HLA gene-level expression across anatomical sites in 
HGSC patients. Furthermore, our intra-patient analysis revealed both heterogeneous 

485 immune cell profiles and differential HLA expression patterns between samples from 
486 different anatomical sites and treatment phases indicating divergent tumor-immune 
487 microenvironment and immune activation within patients. Although, in our study, HLA 
488 expression at the gene-level did not correlate with disease progression or survival of the 
489 HGSC patients, future studies should confirm these findings at the protein-level and 
490 investigate the correlation between HLA mRNA expression and protein expression in 
491 HGSC. 
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Figure 1. HLA expression in different anatomical sites (A-B) Dot plots comparing 
HLA class I and class II level expression in six anatomical sites. Each dot represents the 
class-level expression of an individual sample. The color of the dots indicate the tumor 
purity (purple ≥ 70%, pink 35‒69%, and grey < 35%). (C) Heatmap showing the HLA 
expression (log10(FPKM)) of classical and non-classical HLA genes in six different 
anatomical sites. 
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Figure 2. HLA expression in different treatment phases. Four panels (A-D) showing 
class I and class II expression (box and whisker plots) in ascites, mesenterium, omentum, 
and ovary before the treatment (preoperative), after the treatment (interval), and (relapse) 
and the correlation (Spearman) between the expression and the tumor purity (epithelial 
ovarian carcinoma = EOC fraction) for all four anatomical sites. Dots in box and whisker 
plots represent individual patients per treatment phase. Data were compared with Mann-
Whitney U-test and p-values were adjusted with BH procedure. P-values < 0.05 were 
considered statistically significant. 

Figure 3. Correlation between HLA expression and cell composition. (A) Stacked bar 
plots showing the mean abundances of different immune cells acquired using 
CIBERSORTx in four anatomical sites in preoperative, interval, and relapse samples. (B) 
Heatmap showing the Spearman correlation coefficients (SCC) between HLA class-level 
expression (class I and class II) and cell composition (EOC, fibroblasts, and immune 
cells) in four anatomical sites in preoperative, interval, and relapse samples. (C) Heatmap 
showing the Spearman correlation coefficient between HLA gene-level expression and 
sample composition (EOC, fibroblasts, and immune cells) in four anatomical sites in 
preoperative, interval, and relapse samples. P-values < 0.05 were considered significant 
(BH adjusted). The non-significant correlations are shown in grey. 

Figure 4. Intra-patient comparison of cell composition and gene expression The six 
panels show the stacked bar plots representing the relative abundances of epithelial 
ovarian carcinoma (EOC) cells, fibroblasts, immune cells, and unknown cells and the line 
plots representing the gene-specific expression between samples within six patients: 
EOC1129 (A), EOC26 (B), EOC891 (C), EOC177 (D), EOC183 (F), and EOC218 (G). 
In line plots showing the expression of class I and class II genes, the data points represent 
the gene expression values (FPKM). The different anatomical sites are presented as 
followed Asc (ascites), Mes (mesenterium), Ome (omentum), and Ova (ovary). Letters R 
and L refer to right and left, respectively and letters p, i, and r to preoperative, interval, 
and relapse, respectively. The numbers after the treatment phases (p, i, and r) indicate 
different time points and the numbers after the tissue name different positions in the tissue 
sample. 

Figure 5. Intra-sample comparison of allelic imbalance of HLA class I and class II 
genes. The six panels with line plots showing allele-specific expression between samples 
within six patients EOC1129 (A), EOC26 (B), EOC891 (C), EOC177 (D), EOC183 (E), 
and EOC218 (F). The line plots showing the allele expression ratio attributed to less 
expressed allele in plots showing the allelic imbalance. ** Non-condordant 3-field HLA 
genotyping result. The sample naming is explained in Figure 4 caption. 

Figure 6. HLA ASE loss in HGSC patients. Pie charts showing the proportion of HLA 
ASE loss in samples (A) and in patients (B). Barplots showing proportion of HLA ASE 
loss in (C) samples and (D) patients in different anatomical sites, and (E) the number of 
HLA ASE loss patients in different HLA genes. (F) Barplot showing the number of HLA 
ASE loss cases in individual patient samples. Bars are colored according to three different 
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Figure 1. HLA expression in different anatomical sites (A-B) Dot plots comparing 
HLA class I and class II level expression in six anatomical sites. Each dot represents the 
class-level expression of an individual patient per anatomical site. The color of the dots 
indicate the tumor purity (purple ≥ 70%, pink 35‒69%, and grey < 35%). (C) Heatmap 
showing the HLA expression (log10(FPKM)) of classical and non-classical HLA genes 
in six different anatomical sites. 



 

 
  

   
   

    
   

 
   

 

 

Figure 2. HLA expression in different treatment phases. Four panels (A-D) showing 
class I and class II expression (box and whisker plots) in ascites, mesenterium, omentum, 
and ovary before the treatment (preoperative), after the treatment (interval), and (relapse) 
and the correlation (Spearman) between the expression and the tumor purity (epithelial 
ovarian carcinoma = EOC fraction) for all four anatomical sites. Dots in box and whisker 
plots represent individual patients per treatment phase. Data were compared with Mann-
Whitney U-test and p-values were adjusted with BH procedure. P-values < 0.05 were 
considered statistically significant. 



 

 

  

      
  

   
      

  
      

  
   

 

Figure 3. Correlation between HLA expression and cell composition. (A) Stacked bar 
plots showing the mean abundances of different immune cells acquired using 
CIBERSORTx in four anatomical sites in preoperative, interval, and relapse samples. (B) 
Heatmap showing the Spearman correlation coefficients (SCC) between HLA class-level 
expression (class I and class II) and cell composition (EOC, fibroblasts, and immune 
cells) in four anatomical sites in preoperative, interval, and relapse samples. (C) Heatmap 
showing the Spearman correlation coefficient between HLA gene-level expression and 
sample composition (EOC, fibroblasts, and immune cells) in four anatomical sites in 
preoperative, interval, and relapse samples. P-values < 0.05 were considered significant 
(BH adjusted). The non-significant correlations are shown in grey. 



   
     

     
    

    
  

 
     

  
     

 

 

 

Figure 4. Intra-patient comparison of cell composition and gene expression The six 
panels show the stacked bar plots representing the relative abundances of epithelial 
ovarian carcinoma (EOC) cells, fibroblasts, immune cells, and unknown cells and the line 
plots representing the gene-specific expression between samples within six patients: 
EOC1129 (A), EOC26 (B), EOC891 (C), EOC177 (D), EOC183 (F), and EOC218 (G). 
In line plots showing the expression of class I and class II genes, the data points represent 
the gene expression values (FPKM). The different anatomical sites are presented as 
followed Asc (ascites), Mes (mesenterium), Ome (omentum), and Ova (ovary). Letters R 
and L refer to right and left, respectively and letters p, i, and r to preoperative, interval, 
and relapse, respectively. The numbers after the treatment phases (p, i, and r) indicate 
different time points and the numbers after the tissue name different positions in the tissue 
sample. 



 

 
    

  
  

   
    

 

Figure 5. Intra-sample comparison of allelic imbalance of HLA class I and class II 
genes. The six panels with line plots showing allele-specific expression between samples 
within six patients EOC1129 (A), EOC26 (B), EOC891 (C), EOC177 (D), EOC183 (E), 
and EOC218 (F). The line plots showing the allele expression ratio attributed to less 
expressed allele in plots showing the allelic imbalance. ** Non-condordant 3-field HLA 
genotyping result. The sample naming is explained in Figure 4 caption. 



 

 

    
      

      
     

   
  

    
 

Figure 6. HLA ASE loss in HGSC patients. Pie charts showing the proportion of HLA 
ASE loss in samples (A) and in patients (B). Barplots showing proportion of HLA ASE 
loss in (C) samples and (D) patients in different anatomical sites, and (E) the number of 
HLA ASE loss patients in different HLA genes. (F) Barplot showing the number of HLA 
ASE loss cases in individual patient samples. Bars are colored according to three different 
PFI groups (< 6 months, 6 ‒ 12 months, > 12 months) and dotted lines separate the 
different patients. The sample naming is explained in Figure 4 caption. 
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Supplementary table 1. Clinical data and sample characteristics 

Category Mean Median Range 
Age at the diagnosis All patients 67.8 68 39 ‒ 83 
(years) BRCA1/2 mutated 67.4 66 61 ‒ 77 

No BCRA mutations 67.8 71 39 ‒ 83 
PFI (months) All patients 14.4 6.9 0 ‒ 68.7 

BRCA1/2 mutated 17.4 20.8 1 ‒ 56.8 
No BCRA mutations 14.1 6.9 0 ‒ 68.7 

OS (months) All patients 31.3 30.3 2.3 ‒ 60.6 
BRCA1/2 mutated 31.9 35.3 8.8 ‒ 53.3 
No BCRA mutations 31.2 29.3 2.3 ‒ 60.6 

Samples Anatomical site Untreated 
(n, x) 

Treated
 (n, x) 

Relapse
 (n, x) 

Adnex 2, 2 0 0 
Appendix 0 1 0 
Ascites 10, 9 2, 2 14, 9 
Bowel 0 1 0 
Lymph node 7, 5 0 1 
Mesenterium 4, 4 7, 4 0 
Omentum 22, 19 18, 15 0 
Ovary 22, 16 10, 10 0 
Peritoneum 25, 24 1 0 
Tube 1 1 0 
Umbiculus 0 2 0 
Uterus 0 1 0 

n = number of samples, x = number of patients 



 

   

    

    

    

    

    

    

   

    

    

    

    

     

    

    

    

    

    

    

     

    

 

 

 

 

Supplementary table S2. HLA gene-level expression between anatomical sites 

Gene Kruskal-Wallis (p value) Significant pairs Dunn's test (p value) 

HLA-A 0.184 ‒ ‒

HLA-B 0.308 ‒ ‒

HLA-C 0.378 ‒ ‒

HLA-DRA 0.320 ‒ ‒

HLA-DRB1 0.293 ‒ ‒

HLA-DQA1 0.048 ‒ ‒

Omentum vs. Ovary 0.019 

HLA-DQB1 0.052 ‒ ‒

HLA-DPA1 0.279 ‒ ‒

HLA-DPB1 0.056 ‒ ‒

HLA-E 0.304 ‒ ‒

HLA-F 0.027 Lymph node vs. Ovary 0.019 

Lymph node vs. Peritoneum 0.049 

HLA-G 0.445 ‒ ‒

HLA-DMA 0.546 ‒ ‒

HLA-DMB 0.138 ‒ ‒

HLA-DOA 0.013 Ascites vs. Lymph node 0.008 

HLA-DOB 0.005 Ascites vs. Lymph node 0.003 

Lymph node vs. Ovary 0.003 

Lymph node vs. Peritoneum 0.01 
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Figure S1. Comparison of the HLA gene-level expression between individual 
samples. Hierarchical clustering heatmaps showing HLA gene-level expression 
(log10(FPKM+1)) between the samples from different treatment phases (primary, 
interval, and relapse) in ascites (A), mesenterium (B), ovary (C), and omentum (D). The 
heatmaps are annoted with stacked barplots representing the proportional cell 
composition (EOC, fibroblasts, immune cells, and unknown cells) per sample and clinical 
data including BCRA mutation status (BRCA1/BRCA2/no BRCA mutations), stage, and 
PFI group (< 6 months, 6 ‒ 12 months, > 12 months). The grey boxes represent missing 
expression values. 



 

 

 

 

    
   

 

 

 

 

Figure S2. Overall survival analysis of HLA-DOB expression by KM plotter. The 
overall survival was analyzed and compared by Kaplan-Meier analysis and logrank test. 
HR = hazard ratio. 



 

 



 
 

 
   

   
   

    
   

   
   

Figure S3. Comparison of the HLA gene-level expression between the untreated and 
treated samples in mesenterium and in omentum. Gene-level expression values were 
plotted per gene HLA-A, -B, -C, -DRA -DRB1, -DQA1, -DQB1, -DPA1, -DPB1, -E, -F, 
-G, -DMA, -DMB, -DOA and -DOB. Y-axis indicates the FPKM expression values and 
X-axis indicates HLA gene names. Each dot refers to the gene expression of an individual 
patient per treatment phase. The different colors of the dots represent the tumor purity 
group (< 35%, 35‒69%, and ≥70%). Solid bar corresponds to the median expression of 
the HLA gene. A Mann-Whitney U test compared the ranks between the untreated and 
the treated samples. P values < 0.05 (BH adjusted) were considered significant. NS (non-
significant). 



 

 

 

 

 



 
   

  
   

    
    

  
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure S4. Comparison of the HLA gene-level expression between the untreated, treated, and 
relapse samples in ascites and in ovary. Gene-level expression values were plotted per gene HLA-
A, -B, -C, -DRA -DRB1, -DQA1, -DQB1, -DPA1, -DPB1, -E, -F, -G, -DMA, -DMB, -DOA and -
DOB. Y-axis indicates the FPKM expression values and X-axis indicates the names of the HLA 
genes. Dot represents gene expression of individual patient per treatment phase and a solid bar refers 
to the median expression of the HLA gene. The different colors of the dots indicate the tumor purity 
group (< 35%, 35‒69%, and ≥70%). A Mann-Whitney U test compared the ranks between the 
treatment-naïve and the treated samples. P-values < 0.05 (Benjamin Hochberg corrected) were 
considered significant. NS (non-significant). 



  

   

     
    
   
   
   

     
    
   
   
   

     
    
   
   
   

    
    
   
   
   

                        

 

 

 

 

 

Supplementary table S3. Comparison of cell type proportions between treatment phases 

Tissue Cell type Adjusted p value* 

Ascites 

EOC primary vs residive 
Fibroblast primary vs residive 
Immune primary vs residive 

0,70 
0,97 
0,18 

Mesenterium 
EOC primary vs interval 
Fibroblast primary vs interval 
Immune primary vs interval 

0,04 
0,04 
0,04 

Omentum 
EOC primary vs interval 
Fibroblast primary vs interval 
Immune primary vs interval 

0,004 
0,01 
0,04 

Ovary 
EOC primary vs interval 
Fibroblast primary vs interval 
Immune primary vs interval 

0,04 
0,04 
0,97 

* Mann-Whitney U-test, Benjamini-Hochberg FDR 



 



 
  

     
    

  

 

 

 

 

 

Figure S5 CIBERSORTx fractions of 22 immune cell subtypes in ascites, 
mesenterium, omentum, and ovary in different treatment phases. Box and whisker 
plots showing the CIBERSORTx fractions for 22 immune cell subtypes in ascites, 
mesenterium, omentum, and ovary samples in different treatment phases. Data were 
compared with Mann-Whitney U-test. 



 

 

 

   
    

     
  

Figure S6 CIBERSORTx fractions of 22 immune cell subtypes in four anatomical 
sites. Box and whisker plots showing the CIBERSORTx fractions for 22 immune cell 
subtypes in ascites, mesenterium, omentum, and ovary samples. Data were compared 
with Kruskal-Wallist test followed by Dunn’s multiple comparison’s test. P values < 0.05 
from Dunn’s test were considered statistically significant. 



 

 

 

  
  

 

 

 

 

Figure S7. Intra-patient comparison of the CIBERSORTx fractions between in six 
HGSOC patients. Stacked barplots showing the relative proportions of the 22 immune 
cell fractions for patient EOC1129 (A), EOC26 (B), EOC891 (C), EOC177 (D), EOC183 
(E), and EOC218 (F). 
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Varying HLA allele-specific expression levels are associated with human 
diseases, such as graft versus host disease (GvHD) in hematopoietic stem cell 
transplantation (HSCT), cytotoxic T cell response and viral load in HIV infection, 
and the risk of Crohn’s disease. Only recently, RNA-based next generation 
sequencing (NGS) methodologies with accompanying bioinformatics tools 
have emerged to quantify HLA allele-specific expression replacing the 
quantitative PCR (qPCR) -based methods. These novel NGS approaches 
enable the systematic analysis of the HLA allele-specific expression changes 
between individuals and between normal and disease phenotypes. Additionally, 
analyzing HLA allele-specific expression and allele-specific expression loss 
provide important information for predicting efficacies of novel immune cell 
therapies. Here, we review available RNA sequencing-based approaches and 
computational tools for NGS to quantify HLA allele-specific expression.  
Moreover, we explore recent studies reporting disease associations with 
differential HLA expression. Finally, we discuss the role of allele-specific 
expression in HSCT and how considering the expression quantification in 
recipient-donor matching could improve the outcome of HSCT. 

KEYWORDS 

human leucocyte antigen, next generation sequencing, RNA sequencing, allele-
specific expression, disease associations 

Introduction 

Due to their biological role of presenting peptide antigens to T cells, the highly 
polymorphic HLA class I and class II molecules are crucial for T cell activation and 
therefore for effective immune response against various pathogens, autoantigens, 
alloantigens, and cancer (1, 2). HLA class I molecules, which are constitutively expressed 
on the surface of nearly all nucleated cells present intracellular peptides to CD8+ T cells and 
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are encoded by genes HLA-A, -B, and  -C (3). In contrast, HLA 
class II molecules, which are expressed on professional antigen 
presenting cells (APCs) such as B cells, macrophages, and 
dendritic cells (DCs) display extracellular peptides to CD4+ T 
cells and are encoded by HLA-DRA, -DRB1-9, -DQA1, -DQB1, 
-DPA1, and  -DPB1 (4). In addition to the classical HLA, the low-
polymorphic non-classical HLA molecules such as HLA-E, -F, and  
-G  and HLA-DM and -DO  have important roles in 
immunosuppression (5, 6) and peptide loading (7). Several 
factors affect HLA expression (Table 1). For example, 
differential expression levels have been demonstrated between 
different HLA genes, alleles, tissues, and cell types (8, 9, 12, 13, 15, 
30). Part of this variation emerges from structural differences in 
the promoter motifs involved in transcriptional expression 
regulation between HLA genes and alleles (31, 32). Besides, 
multiple transcriptional and translational factors as well as 
proinflammatory cytokines can affect the mRNA- and surface-
level expression of HLA (18, 31, 33, 34). Varying expression may 
also result from individual-specific factors such as genetic 
polymorphism, age, environment, and medication (25–28). 
Since many of these factors affecting HLA expression have been 
previously described in detail e.g. by Carey et al. (18) and  
Petersdorf et al. (19), in this mini review, we will focus more on 
the RNA-based methods in HLA allele-specific expression 
quantification  and  known  disease  associations  with  
HLA expression. 

Over the past decade, studies have associated differential 
HLA expression levels with infectious and autoimmune diseases, 
neurological disorders, cancer, and drug hypersensitivity (35– 
39). Additionally, HLA expression variation has been shown to 

impact the outcomes of flow cytometric crossmatches and HSCT 
(10, 40, 41). The earlier studies have applied methods such as 
flow cytometry, qPCR, and microarray in the quantification of 
HLA expression at the protein- and mRNA-level (12, 42–45). 
Although these methods have offered valuable information of 
HLA expression and its associations with human diseases, they 
are laborious, time-consuming, and do not allow high-resolution 
and high-throughput expression quantification. Thus, RNA 
sequencing (RNA-seq) enabling accurate and massively 
parallel analysis, provides a powerful tool for studying inter-
allelic and inter-individual expression differences in healthy 
tissues and diseases (46). Since determination of HLA gene-
and allele-level expression is important in several applications 
such as biomarker discovery, transplantation medicine, 
development of cancer vaccines targeting neo-epitopes, and 
disease susceptibility (41, 47–49), RNA-seq methods together 
with novel computational software capable of measuring HLA 
expression at the allele-level (8, 9, 11, 13, 14, 50) hold great 
promise to meet this need. 

Methods in HLA expression 
quantification 

Flow cytometry, qPCR, and microarrays 

Different methods exist for HLA expression quantification. 
At the protein-level, HLA expression at the cell surface can be 
quantified with fluorolabeled monoclonal antibodies and flow 
cytometry. Earlier studies have used flow cytometry to compare 

TABLE 1 Factors associated with differential HLA expression levels. 

Factor Effect on expression References 

Gene Expression levels can vary between different HLA genes e.g. HLA class I genes are expressed at higher levels than class II (8–11) 
genes. 

Allele Expression can vary between HLA alleles due to genetic polymorphisms. (8, 9, 11–14) 

Tissue and cell HLA expression and turnover rates of HLA molecules can be tissue- and cell-specific. (15–17) 

Promoter polymorphisms Proximal and distal promoter polymorphisms have been associated with differential HLA expression. (12, 18, 19) 

Alternative splicing Alternative splicing may lead to misfolded HLA proteins and aberrant expression. (18, 20) 

Epigenetic regulation DNA methylation can alter HLA expression e.g. the methylation level in high-expression HLA-A allotypes is higher than (18) 
in low-expression HLA-A allotypes. 

Turnover and stability of Post-transcriptional and -translational factors can affect the degradation and internalization rates of HLA molecules. (18) 
mRNA and protein 

HLA LOH In cancer, the decrease of HLA expression can be dependent on the different forms of HLA LOH (total or partial) (21, 22) 
resulting from genetic mutations and chromosomal aberrations. 

Proinflammatory cytokines Depending on the gene, HLA expression can either be upregulated or downregulated by proinflammatory cytokines. (23, 24) 

Age Ageing can alter class I and class II expression. (25, 26) 

Medication and environment Medication and environmental factors such as diet can alter HLA expression. (27, 28) 

Time point HLA allele-specific expression can vary between different time points in activated memory T cells. (29) 

Cell composition of study HLA expression can vary between different cell types and thus when HLA expression is quantified from bulk RNA-seq, (15) 
sample cell composition should be taken into account. 

LOH, loss of heterozygosity. 
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cell surface expression between different HLA genes as well as 
to explore the gene-specific changes in constitutive and 
induced HLA expression (45, 51). Together with a specific 
antibody flow cytometry has revealed differential HLA-C 
surface expression between HLA-C allotypes in healthy 
individuals (42, 44). Moreover, flow cytometry has been used 
to demonstrate how sequence variation in the coding and non-
coding area and the turnover of heavy chain mRNA can 
modulate HLA-C protein expression (44, 52–54). Before the 
advent of NGS technologies, the level of HLA transcription was 
quantified with qPCR and microarrays (12, 43, 54–59). Studies 
using qPCR have demonstrated the impact of distinct DNA 
methylation patterns and genomic variants in differential 
expression between divergent HLA allelic lineages (43, 55). 
Moreover, at the allele-level, a study with qPCR associated high 
allele-specific expression variation in HLA-C with HLA-

extended haplotypes (12). These more conventional methods, 
however, have certain limitations. They require careful design 
and selection of antibodies, PCR primers, and microarray 
probes to equally capture the high allelic variation of HLA 
(37). Potential biases introduced at this step may lead to 
specificity and sensitivity issues and ambiguous results in the 
downstream analyses. 

RNA-based NGS methods for HLA allele-
specific expression quantification 

Over the past decade, NGS has rapidly replaced the more 
conventional HLA typing methods providing more accurate high-
resolution typing (60, 61). In addition, RNA-based NGS 
technologies have enabled simultaneous expression analysis and 
identification of expression quantitative trait loci (eQTLs) (11). Due 
to this revolution, several RNA-seq methods have emerged allowing 
accurate HLA allele-specific expression quantification. After a 
common step of reverse-transcribing RNA into complementary 
DNA (cDNA), these methods rely on different approaches in the 
sequencing library preparation such as using whole transcriptome 
data (9, 10) or enriching HLA genes either with PCR amplification 
with universal gene-specific primers (9, 13, 62) or capturing them 
using biotinylated oligonucleotide probes covering the target 
sequences (8). The first published method was based on cDNA 
amplicon pyrosequencing using a common universal primer to 
enrich all class I genes (62). Although, it was initially developed for 
HLA typing, it was later applied also in a study revealing differential 
allele-specific expression in human and macaque leukocyte subsets 
(63). A method capturing and enriching the targeted HLA 
sequences in a hybridization step prior to sequencing has also 
been successful in quantifying HLA allele-specific expression (8). 
The method enabled both HLA genotyping and quantification of 
HLA allele-specific expression of 12 classical genes from healthy 
PBMC and umbilical cord bloods samples. By using an in-house 
method for the Illumina RNA-seq reads, the authors reported 

differential allele-specific expression in several HLA genes. In our 
method, we incorporated unique molecular identifiers (UMIs) by 
using template-switching oligo (TSO) during first-strand synthesis 
in the library preparation to accurately quantify HLA gene- and 
allele-specific mRNA expression from PBMC samples of healthy 
individuals (9). Since UMIs enable the removal of PCR bias in the 
data analysis step, the expression quantification was based on solely 
counting the original mRNA transcripts in the sample (64). By 
quantifying unique UMIs per allele with HLAXPress pipeline, we 
identified differential expression levels between distinct HLA genes, 
alleles, and haplotypes. Although, many of the RNA-seq methods in 
HLA research have used Illumina’s short-read technology, there are 
also a few studies, which have applied Oxford Nanopore 
Technology’s (ONT) long-reads in expression quantification (10, 
13). A recent study quantified HLA allele-level expression using 
UMIs from ONT HLA-gene specific PCR amplicons (13). In 
addition to the high-resolution HLA typing of classical class I and 
class II genes, the assay provided allele-specific HLA expression 
quantification using Athlon2 pipeline (65) fast enough to be 
considered in graft allocation for transplantation from a deceased 
donor. Moreover, ONT’s whole transcriptome data without any 
HLA gene enrichment step was demonstrated to be sufficient for 
accurate HLA typing and measuring of the gene-level expression of 
HLA class I genes (10). There is also evidence that T cell activation 
can alter the balance of allele-specific expression (29). Interestingly, 
by using Illumina’s whole transcriptome data together with an 
HLA-personalized reference for individuals, the authors showed 
that the expression balance between two alleles in a heterozygous 
individual changed over time. 

Computational tools for HLA expression 
quantification from existing 
RNA-seq datasets 

In addition to laboratory protocols, several computational 
tools have been developed for RNA-seq data, allowing HLA 
expression quantification from existing public datasets (11, 14, 
50, 66, 67). The obvious advantage here is that large, well-
documented study materials may be utilized for detailed HLA 
expression studies. 

Seq2HLA, a python- and R-based in silico -method, was the 
first tool, which was introduced as capable of quantifying HLA 
expression from RNA-seq data (50). The tool accepts standard 
RNA-seq reads in fastq format as an input, uses bowtie (68) in  
aligning reads against exon 2 and 3 sequences of HLA alleles, 
and outputs HLA types and class-level expression estimates. 
When applied to a paired-end data with a read length of 37 bp of 
previously HLA genotyped individuals, seq2HLA achieved 100% 
specificity and 93.5% sensitivity in 1-field genotyping results. 
Since seq2HLA was first introduced, two other studies have 
applied it to quantify HLA expression in human cancer cell lines 
and non-cancer human tissues and cell types demonstrating 

Frontiers in Immunology 03 frontiersin.org 

https://frontiersin.org


Johansson et al. 10.3389/fimmu.2022.1007425 

HLA expression variation between cancer types and distinct 
anatomical sites (15, 16). 

AltHapAlignR provides estimates of transcript abundance 
by using alternate reference haplotypes (14). AltHapAlignR first 
aligns reads against the standard genome reference using read 
mappers such as Tophat2 (69), HISAT2 (70), or STAR (71) and 
then extracts reads mapping to HLA region and unmapped 
reads, which it further re-aligns to the HLA reference haplotypes 
to obtain the expression estimates for HLA genes and 
haplotypes. The authors showed that when compared to the 
standard single reference mapping, AltHapAlignR improved the 
accuracy of HLA expression quantification. Recently, 
AlthHapAlignR was applied in a study demonstrating allele-
specific expression in HLA-DRB1 in patients with rheumatoid 
arthritis and in healthy controls (72). 

HLApers enables accurate quantification of HLA gene- and 
allele-specific expression from whole-transcriptome RNA-seq 
data (11). It provides both HLA genotyping and allele-specific 
expression quantification and has two pipelines options 
implemented; one for the STAR mapper combined with 
Salmon (73) for expression quantification and one for kallisto 
pseudoaligner (74) providing both the HLA genotyping and 
expression quantification. To reduce the possibility of multi-

mapping reads in the expression quantification step, HLApers 
uses a personalized index, which comprises only the HLA allele 
sequences carried by the individual. The personalized pipeline of 
HLApers demonstrated several advantages such as higher 
accuracy in read alignment, HLA allele-specific expression 
quantification, and identification of causal eQTLs. A recent 
study applied HLApers to measure allele-level expression of 
HLA class I genes in unstimulated and stimulated PBMCs (30). 

ArcasHLA, a python-based pipeline was initially developed 
for HLA genotyping from RNA-seq reads using kallisto, 
however, the authors later added the feature for allele-specific 
expression quantification currently allowing both highly 
accurate HLA typing and expression analysis (66). By using 
this novel pipeline, the authors analyzed the clinical significance 
of HLA class I LOH in multiple tumor types using public RNA-
seq data (75). 

scHLAcount enables HLA allele-specific expression  
quantification from single-cell RNA-seq (scRNA-seq) data 
(67). The pipeline builds a personalized reference based on 
prior HLA genotyping results and quantifies HLA expression 
at the allele-level using UMIs. In contrast to the tools for bulk 
RNA-seq data, scHLAcount provides an option to study HLA 
allele-specific expression and HLA loss of heterozygosity (LOH) 
at the single-cell resolution. 

Although, these computational tools are advantageous by 
enabling mining of existing RNA-seq datasets, they face similar 
challenges as NGS-based HLA typing software with short RNA-
seq reads multi-mapping to several alleles or even genes due to 
the high level of polymorphism and sequence similarity between 
HLA genes potentially resulting in biased expression estimates. 

ONT’s long-reads spanning over several exons might reduce 
ambiguous read alignment in expression quantification. 
However, currently, there is only one public computational 
tool, HLAXPress (9), in addition to Athlon2, for ONT long-
read RNA-seq data, allowing HLA allele-specific expression  
quantification. The low throughput of ONT RNA-seq and low 
number of publicly available ONT RNA-seq datasets have 
potentially hindered the development of such tools (46). 
Additionally, although ONT’s whole transcriptome data has 
been sufficient for HLA gene-level expression analysis (10), 
accurate allele-level expression quantification may require an 
additional enrichment step to gain enough reads mapping to 
HLA. Moreover, in contrast to short-read technologies, ONT 
data has a higher error rate, which can hamper reliable UMI 
counting and accurate HLA genotyping. Lower number of reads 
and higher error rate are challenges that need to be considered in 
the development of novel computational tools for ONT RNA-
seq. Table 2 presents some examples of the criteria and methods 
in allele-specific expression quantification for different 
methodological approaches. 

HLA expression in human diseases 

Despite being crucial for protective immunity against 
various pathogens, the huge allelic variation of HLA is also 
responsible for autoimmune reactivity (35). In addition to allele 
polymorphisms as the susceptibility risk for autoimmune 
diseases, there is increasing evidence of associations between 
HLA expression and human diseases. However, in many cases 
further studies are needed to confirm whether the expression 
alone is the predisposing factor and how the regulatory variation 
affects differential expression in diseases. Elevated HLA 
expression levels have been associated with inflammatory 
bowel diseases (56, 76), scleroderma patients with interstitial 
lung disease (77), ankylosing spondylitis (78), Graves’ disease 
(79), systemic lupus erythematosus (80), rheumatoid arthritis 
(72), and multiple sclerosis (81). Additionally, in celiac disease 
and type 1 diabetes, higher expression of DQA1*05 and 
DQB1*02 alleles was found in patients when compared to 
healthy controls (82, 83). There is evidence that also low HLA 
expression predisposes to diseases. Decreased HLA expression 
levels have been associated with cystic fibrosis (84), 
immunoglobulin A nephropathy (85), end stage renal disease 
and acute allograft rejection (86). In addition to multiple 
autoimmune diseases, differential HLA expression has also 
been associated with infectious diseases i.e. high HLA-C 
expression in HIV viral control (42, 44, 56) and high HLA-A 
expression in higher HIV viremia (87). For class II genes, 
associations exist between high HLA-DP expression and in 
hepatitis B virus infection (54) and reduced expression of 
HLA-DR on monocytes and severity of COVID-19 disease 
(88). Strong HLA expression is an important factor for anti-
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TABLE 2 Examples of different approaches in HLA allele-level expression quantification. 

Approach Requirements Method in expression quantification References 

Illumina bulk RNA-
seq and HLApers 

Illumina bulk RNA-
seq with UMIs and 
HLAXpress 

ONT bulk RNA-seq 
and Athlon2 

Illumina scRNA-seq 
with UMIs and 
scHLAcount 

Whole-transcriptome RNA-seq data 
(paired end reads in fastq format) 

5’end RNA-seq data with UMIs (paired 
end reads in fastq format) 
Prior HLA genotyping of samples for the 
personalized index 

Amplicon-based RNA-seq data with 
UMIs tagged in the 5’end (ONT 
1D reads in fastq format) 

Preferably 5’end RNA-seq data with 
UMIs (aligned reads in BAM format, cell 
barcodes) 
Prior HLA genotyping of samples 

HLA genotyping is first done by aligning RNA-seq reads against all known HLA allele (11) 
sequences. 
HLA expression is estimated by aligning RNA-seq reads against a personalized index 
containing references for individual-specific HLA alleles based on the genotyping 
results. 
HLA allele-specific expression is reported as the number of reads aligning to each 
allele. 

Expression levels are determined by first aligning RNA-seq reads against the reference (9) 
sequences of known HLA alleles carried by an individual and then by counting the 
unique UMIs per each HLA allele. 

HLA genotyping is performed using the NGSengine bioinformatics pipeline and HLA (13) 
allele-specific expression is quantified with Athlon2 pipeline by counting the UMI-
tagged HLA-specific reads aligning to an allele. 

Prior knowledge from genotyping is utilized to construct a personalized reference. (67) 
HLA allele-specific expression is determined by using pseudoalignment resulting in a 
matrix with allele-specific UMI counts. 

UMI, unique molecular identifier; ONT, Oxford Nanopore Technologies. 

tumor immunity, and thus downregulation or loss of HLA 
expression is a common immune escape mechanism in cancer 
(21). Indeed, several studies have reported downregulation of 
HLA expression in lung cancer (89, 90), gastric cancer (91), 
classic Hodgkin lymphoma (92), and in Merkel cell carcinoma 
(93). Due to the importance of HLA expression for immune 
response against tumor cells, high HLA expression has been 
associated with favorable outcomes and prolonged survival in 
several cancers (94–97). Opposed to this, high expression of 
non-classical HLA genes capable of suppressing immune 
responses are shown to correlate with poor prognosis (98, 99). 
In many disease studies, HLA expression has been determined 
from blood, however, to study the role of allele-specific 
expression in T cell maturation, the expression levels should 
be measured also from thymus samples. A weaker self-antigen 
presentation of low expression alleles could lead to impaired 
negative selection of T cell clones further resulting in elevated 
risks for the breakdown of tolerance and autoimmune diseases. 

Role of HLA allele-specific 
expression in HSCT 

Although, HLA expression analysis is not considered in the 
current donor-recipient matching, there is evidence for the 
relevance of HLA allele-specific expression in HSCT. Several 
studies have associated differential HLA allele-specific 
expression with detrimental effects such as GvHD after the 
HSCT (40, 41, 100). Mismatched HLA-C alleles with high cell 
surface expression levels (mean fluorescence intensity) were 
identified as the key determinants for the increased risk for 
acute GvHD (aGvHD) and mortality indicating that high 

expression of patient’s allotypes enhances the graft-versus-host 
recognition (40). In the study of Petersdorf et al. (40) particularly 
the highly expressed C*14 allotype was associated with poor 
outcome  after HSCT and  was thus  considered as a non-

permissive mismatch. Another study also associated patient 
mismatched C*14:02 with high risk of severe aGvHD, but 
found no association between the HLA-C expression and the 
HSCT outcome although the HLA-C*14 allotype was expressed 
at the highest level (101). High allele expression predisposing to 
aGvHD is also found in HLA-DPB1. Two studies demonstrated 
that the risk of aGvHD was greater for patients with highly 
expressed HLA-DPB1 alleles who received an HLA-DPB1 
mismatched transplant from a donor with low expression 
HLA-DPB1 alleles (41, 100). Therefore, in case no matched 
donors are available, consideration of HLA expression could 
enhance the donor selection by helping to avoid mismatching 
against high-expression allele and thus lower the risks in HSCT. 
Additionally, identified low expression alleles as tolerated 
mismatches could broaden the donor pool. Interestingly, cell 
surface expression of HLA-C allotypes is consistent across 
populations denoting C*03 as low expression allele and C*14 
as high expression allele (42). At the transcript level, there are 
similar findings for the expression levels of these alleles (8, 11, 
30). However, there are also conflicting reports (9, 14) suggesting 
that allele-level expression is not necessarily universal and 
possibly population-dependent at least to some extent. 

Conclusions and perspectives 

The advent of NGS technologies has revolutionized the 
study of HLA expression. It has led to the rapid development 
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of RNA-seq based laboratory methods as well as computational 
tools for HLA expression quantification ready to be applied to 
existing datasets. As it can be challenging to obtain reliable 
results due to the high polymorphism and high sequence 
homology in HLA, many of the current methods rely on the 
use of a patient-specific personalized index in the expression 
quantification step. With continuous improvements in their 
sequencing accuracy, long-read NGS technologies such as 
ONT and PacBio could further increase the accuracy of HLA 
allele-specific expression quantification. Earlier HLA expression 
studies have mainly focused on quantifying HLA allele-specific 
expression from bulk RNA-seq data. However, particularly with 
class II genes, without information on the proportion of immune 
cells in the sample, it is hard to tell whether the expression level 
merely reflects the number of APCs in the sample. ScRNA-seq 
methods capable of distinguishing HLA expression from single 
cells enable more accurate comparisons between tissues and 
samples. Furthermore, spatial RNA-seq methods allow 
expression quantification between different cells in solid tissues 
(102). These methods would permit the study of loss of HLA 
expression in distinct spatial tumor clones. Determination of 
HLA expression is important in the selection of immune cell 
therapy. T-cell based therapies are dependent on strong HLA 
expression (103), whereas natural killer cell -based therapies rely 
on missing inhibitory ligands of killer-cell immunoglobulin-like 
receptors on the cell surface (104). Since, the previous studies 
have already demonstrated HLA allele-specific expression in 
healthy PBMCs, the focus in the future should be in investigating 
the role of HLA allele-specific expression in different tissues and 
diseases and how the expression changes in response to different 
stimuli and medications. Additionally, more information is 
needed on the dynamic changes in expression of HLA alleles 
over time from longitudinal samples from the same individual. 
Finally, the expression regulation of specific HLA alleles is still 
poorly understood. Therefore, by studying the methylation levels 
or using the expression quantitative loci (eQTL) analysis 
combining HLA expression together with data of non-coding 
variation obtained from genome-wide association studies might 

help to find potential factors affecting HLA allele-specific 
expression. By using scRNA-seq technology, the potential 
eQTLs behind differential expression could be identified even 
at the single-cell level. 
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