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Abstract 

Variation in the human leukocyte antigen (HLA) genes has been extensively associated with 

predisposition to autoimmune disease and adverse drug reaction. Translation of these associations to 

clinical practice has proven to be difficult due to the high cost and time burden of genetic testing. 

Additionally, understanding the value of prospective HLA associations in a research context is 

challenging due to the unparalleled polymorphisms of the HLA genes, as well as interactions between 

HLA variants. In this thesis, tools and methods are described which assist in the interpretation of 

prospective HLA associations and definition of the clinical role of HLA genotyping. Importantly, 

techniques that improve the efficiency of genetic testing of HLA variants are also reported.  

Two methods by which HLA genotyping may be performed with greater efficiency are described. The 

first of these applies loop-mediated isothermal amplification (LAMP), a rapid isothermal DNA 

amplification technique, to detect complex genetic risk profiles relevant to the diagnosis of coeliac 

disease (CD). The CD-LAMP assay was shown to produce highly accurate HLA risk profiling results, 

directly from whole blood or saliva samples. The assay takes one hour without the need for DNA 

purification, thermal cycling or specialised analytical equipment. With these characteristics, CD-LAMP 

is an excellent candidate as the foundation technology of a point-of-care platform for assisting in 

diagnosis of autoimmune disorders.  

The second genotyping method described involves the testing of single nucleotide polymorphisms 

(SNPs) that ‘tag’ (are in strong linkage disequilibrium with) HLA variants associated with adverse drug 

reactions.  While previous studies have concluded that this method is not appropriate due to a lack of 

consistency in tagging across populations, the results of the analysis reported here, the most extensive 

cross-ethnicity validation of HLA tagging SNP function to date, demonstrate that reliable tag SNPs can 

be identified. The SNPs reported here may act as a genotyping approach for the routine screening of 

patients, without the need to account for patient ethnicity. 
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Using CD as a model disorder, a method applying genomic risk score methodology for characterisation 

of interacting HLA risk factors in complex disease is described. The results of this analysis demonstrate 

that HLA genotype has been underappreciated for CD prediction, and that prediction using only six 

HLA risk haplotypes, including two novel risk variants, is equivalent to a state-of-the art genomic 

prediction model using hundreds of genomic variants.  Based on these insights, a change to current 

clinical HLA exclusion criteria is proposed. This improves the positive predictive value of testing in high-

risk populations from 17.5% to 27.1%, while maintaining a negative predictive value above 99%.   

Lastly, HLAprox, a web application for on-demand assessment of HLA/SNP association is described. 

This tool addresses the need for a fast and simple method to interpret HLA associations identified in 

GWAS studies. HLAprox is shown to identify concordant high-resolution HLA associations to those 

uncovered using conventional genotyping or HLA imputation approaches. Identification and validation 

of ethnic specific HLA tag SNPs is also possible with HLAprox. In future, HLAprox will facilitate more 

confident identification and validation of HLA-disease associations. 
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1.1 Genetics and Precision Medicine 
 

Precision Medicine 
 

Precision medicine, also referred to as personalised medicine, is the tailoring of medical care to 

account for molecular and environmental variability between individuals1. In contrast to a one-size-

fits-all approach where medical strategies are designed to treat the average patient, precision 

medicine seeks to leverage insights from large multi-patient studies, integrating high-throughput 

genomic, proteomic and metabolomic datasets, to better characterise, diagnose and treat patients on 

an individual basis using molecular biomarkers. While the concept of molecular profiling and 

stratification to improve patient outcomes is not new, the increasing availability of testing 

technologies and infrastructure have made the application of this approach in routine medical practice 

feasible. 

Genetic Testing  
 

A key component of precision medicine is genetic testing, the analysis of DNA or RNA to characterise 

genomic variation2. Using this information, patients may be more effectively diagnosed, treated or 

counselled based on the presence or absence of specific genomic variants known to be associated 

with disease or treatment outcome. Applications of genetic testing in a precision medicine context 

include diagnostic testing - the determination of the genetic basis of disease to guide diagnosis and 

treatment in symptomatic individuals; predictive testing - the use of genetic information to assess 

future disease risk, direct surveillance and guide the use of prophylactic treatments; 

pharmacogenomic testing - the use of genetic information to improve the effectiveness of treatment 

and minimise the incidence of adverse drug reactions; and carrier testing - the genetic testing of 

unaffected individuals to determine the presence of mutations and assist with family planning. 
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Over the last 20 years, genetic testing has been established as a routine clinical tool. Figure 1.1 shows 

the 800% increase in Medicare Benefit Schedule (MBS) item requests related to genetic profiling of 

patients in Australia between 1999 and 20173. Furthermore, these tests represent only a fraction of 

genetic tests ordered for clinical applications. In 2011 only 26% of clinical genetic tests qualified for 

government rebate4. As of March 2018, over 1,700 genetic tests are offered by certified diagnostic 

testing laboratories in Australia for over 1,000 genomic targets associated with over 2,000 disorders5. 

 

 

 

Figure 1.1:  Genetic testing item requests on the Medicare Benefits Schedule: Total MBS 

Pathology requests for the 39 items in group P7 – Genetics. Tests include both detection of 

specific gene mutations and chromosomal rearrangements. In the 15 years leading up to 

2017 subsidised genetic tests have increased by over 800% in Australia. 
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1.2 The Human Major Histocompatibility Complex 
 

 

The major histocompatibility complex (MHC) is one of the most gene dense regions in the human 

genome, with key roles in the regulation of infection, inflammation and autoimmunity6. This 

approximately 5Mb region, mapping to chromosome 6p21, contains the human leukocyte antigen 

(HLA) genes7.  HLA molecules, expressed on most nucleated cells, establish and guide adaptive 

immunity. Specifically, MHC class I molecules (encoded by HLA-A, HLA-B and HLA-C) present 

intracellular peptides to CD8+ (cytotoxic) T cells and MHC class II molecules (encoded by multiple HLA-

DR, HLA-DQ and HLA-DP genes) present exogenous antigens to CD4+ (helper) T cells8.  

 

Genetic Diversity of the HLA Genes 
 

Exhaustive characterisation of variation at the HLA loci has been driven by a key role in hematopoietic 

stem cell and organ transplantation, whereby high-resolution donor-recipient HLA matching greatly 

improves unrelated donor marrow transplantation, graft survival rate and patient outcome9,10. A 

single nucleotide difference may be sufficient to impact hematopoietic stem cell transplantation 

success, mandating high-resolution testing methods and well-curated reference datasets7.  This 

rigorous interrogation has established HLA genes as the most highly polymorphic in the human 

genome, a characteristic thought to be due to selective pressure favouring HLA heterogeneity and 

better equipping a population against evolving pathogens11. As of December 2017, over 17,500 unique 

HLA alleles have been identified, though in practice only approximately 400 variants are common 

(observed in large populations with an allele frequency above 0.1%) and around a further 700 well-

documented (observed in multiple individuals, though recent high-resolution population specific 

studies suggest this number may be much higher) (Table 1.1)12-14.  
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HLA Nomenclature 
 

To accommodate this high number of observed HLA variants, a nomenclature system has been 

established7.  This system has largely replaced the serotype based naming system established in the 

1960s, though serotypes are still somewhat reflected as allele group classification15.  

For a given HLA allele the name follows the pattern: 

HLA-[Gene]*[Allele Group]:[Specific Protein]:[Synonymous DNA substitutions in coding regions] 

meaning that, for example, HLA-A*01:01:01 and HLA-A*02:01:01 are distantly related alleles and have 

relatively highly differing DNA and protein structures, HLA-A*02:01:01 and HLA-A*02:02:01 share a 

serotype, but have distinct DNA and protein structures, and HLA-A*02:01:01 and HLA-A*02:01:02 

differ by DNA sequence, but share identical protein structure. Additional classification fields and 

suffixes are added to represent sequence differences in non-coding regions and describe cell surface 

expression. HLA alleles are typically analysed and reported at two-digit (also known as one-field e.g. 

HLA-A*01) or four-digit (also known as two-field, e.g. HLA-A*01:01) resolution in clinical and research 

applications. Additionally, depending on the resolution of the genotyping technologies, HLA variants 

may be reported as a set of possible variants (e.g. HLA-DQB1*03:01/09/19).  

Linkage Disequilibrium in the MHC 
 

Extensive linkage disequilibrium (LD), the non-random association of alleles at different loci, is 

observed in the MHC16. Specifically, near complete LD is observed between class II HLA-DRB1, HLA-

DQA1 and HLA-DQB1 alleles, strong LD is observed between class I HLA-B and HLA-C alleles and weaker 

long-range LD is observed between certain MHC class I and class II variants17. As such HLA variants 

may be also be reported as haplotypes, a set of alleles present on a chromosome. For example, the 

common HLA-DR3-DQ2 haplotype encompasses the HLA-DRB1*03:01, HLA-DQA1*05:01 and HLA-

DQB1*02:01 alleles. LD in the MHC is thought to be driven by pathogen-driven selection of haplotypes 

carrying advantageous combinations of alleles18.  
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Table 1.1: Variation at highlighted HLA loci: Statistics for HLA genes annotated in the CWD 

alleles catalogue. These are representative of the HLA genes typically considered in studies of 

disease and drug response. 

HLA Locus Observed Alleles7 Common12 Well-Documented12 

A 3,997 68 178 

B 4,859 125 242 

C 3,605 44 102 

DPA1 56 6 0 

DPB1 942 40 14 

DQA1 92 15 4 

DQB1 1,152 22 8 

DRB1 2,122 79 147 

DRB3 145 5 7 

DRB4 66 6 2 

DRB5 54 5 3 

DRA 7 Not annotated in CWD catalogue 
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1.3 Clinical applications of HLA genotyping 
 

As previously described, characterisation of HLA variants is routinely used for tissue matching for 

allogeneic organ transplantation, a well-established application pioneered in the 1960s19. However, 

the ready availability of HLA genotyping technologies driven by this application (Section 1.4) has 

prompted investigation of association between HLA variants and other clinical outcomes of interest. 

HLA variants have been associated with predisposition towards autoimmune disorders, adverse drug 

reactions, cancer (e.g. breast cancer20, lung cancer21), autoinflammatory disease (e.g. psoriasis22, 

ankylosing spondylitis23) and susceptibility to a wide range of infectious diseases24.  

This thesis will focus on two of the established non-transplantation precision medicine applications of 

HLA genotyping; prediction of autoimmune disease risk and prediction of adverse drug reaction risk.  

Association Between HLA Alleles and Autoimmune Disease 
 

Autoimmune diseases are a common and heterogeneous set of disorders characterised by an 

inappropriate self-directed immune response. Autoimmune diseases affect ~5% of Australians25, with 

the observed prevalence increasing significantly over the last 30 years (although whether this is due 

to changes in environmental factors or improved awareness and diagnosis is unclear26). 

Inspired by associations observed between specific HLA analogues in mice and susceptibility to viral 

oncogenesis, extensive study of the role of HLA antigens in susceptibility to neoplastic and 

autoimmune disease was performed in the late 1960s and early 1970s27. While the work on malignant 

disease was largely inconclusive, several strong associations were observed between specific HLA 

variants and “diseases with unclear aetiology” including ankylosing spondylitis, multiple sclerosis and 

type 1 diabetes28.  As the HLA region has been better characterised, and the resolution of testing 

improved, strong HLA associations have been identified for tens of autoimmune disorders, and further 

refined to specific HLA haplotypes, alleles or even protein residues29,30.  
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Table 1.2 highlights the observed associations between specific HLA variants and common 

autoimmune disorders (prevalence > 50/100,000).  

Table 1.2: Association between HLA variants and autoimmune diseases with prevalence 

>50/100,000. Listed HLA associations are not comprehensive, and may be ethnicity specific. 

Disease Incidence per 100,000 
(Location)25 

Strongest HLA association 

Rheumatoid arthritis 860 (USA) DRB1*0431 

Hashimoto's thyroiditis 792 (USA) Various 32 

Coeliac disease 750 (USA) DQA1*05;HLA-DQB1*0233. 

Graves’ disease 629 (Denmark) DRB1*0334 

Diabetes mellitus (type 1) 480 (World) DRB1*0335 

Behcet’s Disease 421 (Turkey)36 B*5137 

Vitiligo 400 (World) A*0238 

Rheumatic fever 250 (World) DRB1*0739 

Pernicious anaemia 151 (World) Various 40 

Alopecia areata 150 (World) DQB1*03 41 

Immune thrombocytopenic purpura 72(World) A*02 (possible)42 

Multiple sclerosis 58 (World) DRB1*1529 

 

 

Broadly, two mechanisms behind associations between HLA and autoimmune diseases have been 

proposed; the “Peptide-Specificity Model” and the “MHC Stability Model”43. In the Peptide Specificity 

Model high-risk alleles are able selectively present specific disease-relevant peptides as non-self, 

prompting an auto-immune response44. By the same mechanism specific alleles are proposed to be 

protective through a reduced binding efficiency of disease relevant peptides. In the MHC Stability 

Model specific HLA proteins or hetero-dimers are thought to result in less stable formation of HLA-self 

peptide complexes resulting in incomplete negative-selection of self-reactive T cells during thymic 

development45.  
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Clinical Application of HLA Genotyping for Autoimmune Disease 
 

Proposed clinical applications of HLA/disease associations include prediction of disease risk, improved 

diagnosis of disease and variant targeted therapeutic intervention29. However, due to the relatively 

low predictive value of observed associations, disease prediction and diagnostic insight are limited for 

the majority of disorders46. Furthermore, while development of compounds capable of 

immunomodulation to protect against HLA mediated disease predisposition are an area of active 

research, no therapeutic agents are currently available47.  

Despite these limitations, HLA genotype has found a role in a few select applications due to the high 

negative predictive value (NPV) of testing, whereby a negative result for predisposing alleles can assist 

in interpretation of symptoms and pathology46. These include ankylosing spondylitis, where 

approximately 90% of European patients are HLA-B*27 positive, compared with approximately 10% 

of the general population. Given this association, a positive result can support the diagnosis of 

ankylosing spondylitis, but is insufficient for confirmation. However, as less than 5% of individuals 

positive for this variant will develop disease, general population screening is not considered 

appropriate48. Similar, though less well established applications are possible with narcolepsy (HLA-

DQB1*06:02)49, and Behçet syndrome (HLA-B*51)37. 

The best-established clinical application of HLA genotyping is found with coeliac disease, driven by the 

relatively high disease frequency and unparalleled NPV of testing. The following section will explore 

this application in greater detail. 
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Case study 1: Application of HLA Genotyping in Coeliac Disease 

diagnosis 
 

Coeliac disease (CD) is a chronic, immune mediated enteropathy of the small intestine resulting from 

ingestion of gluten, the alcohol insoluble protein component of wheat and related grains, in 

genetically susceptible individuals50. CD is the most common enteropathy in Australia, with an 

estimated 1.2% (1/86) of men and 1.9% of women (1/52) affected51. Similar population frequencies 

are observed across the Western world52-54. Symptoms of CD include diarrhoea, nausea and vomiting, 

fatigue, abdominal pain, sudden weight loss and iron-deficiency anaemia55. Long term health effects 

of undiagnosed CD include reproductive problems56, excess mortality during middle age57 and the 

development of other autoimmune disorders58. Despite these long term risks, most cases of CD 

(approximately 80%) remain undiagnosed as many patients (greater than 50%) are subclinical in their 

presentation53. Adhering to a strict, permanent, gluten free diet (GFD) will result in a reversal of 

intestinal damage and normalisation of symptoms in most patients with CD59.  

Serology is used for initial screening of symptomatic patients60. CD serology depends on the detection 

of specific endomysial antibodies (EMAs), and antibodies to transglutaminase IgA (IgA-TG2) and 

deamidated gliadin IgG50. Serological tests are highly sensitive and specific, making them strong 

predictors of disease (>90%)61. However, CD serology tests may give a false negative in patients which 

are already on a GFD and patients are therefore advised to undertake a gluten challenge of at least 

two pieces of wheat-bread for at least 14 days prior to testing60.   

While a strong predictor, serological testing is insufficient for definitive diagnosis of CD as other 

conditions such as liver disease, inflammatory bowel disease and type 1 diabetes may also give an 

elevated antibody signal62. Furthermore, a subset of individuals (6-22%) with CD will present as 

seronegative60. As such, histological examination of a duodenal biopsy is generally required for a 

diagnosis of CD, and may be recommended based of symptoms or family history, despite negative 

serology60. Characteristic histological features of CD include increased intraepithelial lymphocytes, 
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villous atrophy and crypt hyperplasia63. As with serological testing, patients must be on a gluten 

containing diet prior to biopsy60. 

Use of HLA genotyping in CD diagnosis 

HLA-DQA1 and HLA-DQB1 typing is a valuable tool which can augment serology and biopsy in CD 

diagnosis. Four major susceptibility genes for CD have been identified; HLA-DQA1*05, HLA-DQB1*02, 

HLA-DQB1*03:02 and HLA-DQA1*03:0133. Greater than 99% of individuals with CD express one of the 

combinations of these risk alleles as part of the DQ2.5, DQ2.2, DQ7.5 or DQ8 haplotypes51. The 

mechanism behind this HLA-disease association is thought to be the selective binding and 

presentation of negatively charged deamidated gluten peptides by positively charged pockets present 

in the HLA molecules encoded by these haplotypes, resulting in recognition by CD4+ T cells and 

immune response64. HLA testing has multiple applications throughout the CD diagnostic process 

including: 

Elimination of CD diagnosis: Due to the high frequency of CD HLA risk genotypes in the general 

population (greater than 50%) HLA typing is a poor tool for the prediction of CD51.  Instead, a negative 

testing result may be used to exclude a CD diagnosis, reducing the number of unnecessary biopsies 

performed based on positive serology, symptoms or family history51,65. HLA genotyping is particularly 

useful when investigating individuals who have self-treated with a GFD, as both serology and duodenal 

biopsy require an individual to be on a gluten containing diet prior to testing60. Only if an HLA test is 

positive will a patient be required to undertake a gluten challenge, serological testing and biopsy. 

Screening of high risk individuals: HLA genotyping is also valuable for stratification of high-risk 

individuals, such as first-degree relatives of CD patients, where prevalence of disease is approximately 

10%33,66. HLA genotyping may be used to identify relatives who are genetically susceptible to disease, 

prompting increased monitoring for disease onset.  Driven largely by this application, HLA class II MBS 

typing requests in Australia have increased more than 15-fold between 2002 and 2017 (2,669 to 

44,194)33.  
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Association Between HLA Alleles and Adverse Drug Reaction 
 

Adverse drug reactions (ADRs) are a broad set of common and sometimes unpredictable adverse 

effects of treatment with a wide range of medications67.  ADRs are a significant healthcare burden, 

representing one of the most common causes of hospital admissions and deaths in the US with an 

estimated 2,000,000 hospitalisations and 100,000 deaths per year68, costing on average thousands of 

dollars per incident69. Idiosyncratic ADRs are unpredictable and relatively uncommon, though typically 

more severe (potentially life threatening), and are often poorly detected during clinical trials prior to 

market approval70. If sufficiently severe, idiosyncratic ADRs may result in withdrawal of a drug from 

the market, despite clinical utility for the majority of patients67,71.  

Both class I and class II HLA alleles have been linked with “idiosyncratic” ADRs, whereby patients who 

carry a particular HLA allele have significantly elevated ADR risk. Currently, some 75 HLA alleles have 

been significantly associated with compound specific ADRs72, however only a subset have replicated 

ADR association in multiple distinct studies (Table 1.3)73.  

Four HLA alleles are annotated by the US Food and Drug Administration (FDA) as pharmacogenomic 

biomarkers, HLA-A*31:01 as a predictor of carbamazepine induced hypersensitivity, HLA-B*15:02 as 

a predictor of carbamazepine, phenytoin and oxcarbazepine ADR, HLA-B*57:01 as a predictor of 

abacavir and pazopanib ADR and HLA-DRB1*07:01 (as part of the DRB1*07:01-DQA1*02:01 

haplotype) as a predictor of lapatinib induced hepatotoxicity74. Of these, only HLA-B*57:01 typing 

prior to abacavir therapy and HLA-B*15:02 typing in patients with Asian ancestry prior to treatment 

with carbamazepine to guide treatment are explicitly recommended by the FDA, with similar 

recommendation (or more assertive testing requirement) observed across Oceania, Europe and Asia75.  
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The primary utility of HLA/ADR associations is the NPV of testing, whereby the lack of a given risk allele 

is an excellent predictor of good outcome. Drawing on this predictive value, screening policies in which 

patients carrying a specific allele are provided with an alternative treatment, or undergo increased 

monitoring, can greatly reduce the overall incidence of idiosyncratic ADR.  Despite this high NPV, most 

HLA/ADR associations suffer from low positive predictive value.  

The best established clinical application of an HLA-ADR association is found with HLA-B*57:01 

screening before abacavir therapy. The following section will explore this application in greater detail.  

 

Table 1.3 : Replicated HLA-ADR associations in the PharmGKB database.                                

HSS: Hypersensitivity Syndrome, SJS:  Steven-Johnson Syndrome, TEN: Toxic Epidermal 

Necrolysis SCAR:  Severe cutaneous adverse reactions, DILI: Drug Induced Liver Injury, AGR: 

Agranulocytosis 

HLA Allele Drug ADR Ethnicity Reference 

A*31:01 Carbamazepine HSS Mixed 76,77 

A*33:03 Allopurinol HSS, SJS Mixed 78,79 

B*13:01 Dapsone HSS Asian 80 

B*15:02 Carbamazepine, Phenytoin SJS, TEN Asian 81 

B*15:11 Carbamazepine SCAR Asian 82 

B*35:01 Nevirapine HSS Mixed 83 

B*38:02 Carbimazole, Methimazole AGR Mixed 84 

B*40:01 Carbamazepine SJS, TEN Asian 85 

B*57:01 Abacavir HSS Mixed 86 

B*58:01 Allopurinol HSS, SJS Mixed 78,79 

B*59:01 Methazolamide SJS, TEN Asian 87 

C*01:02 Methazolamide SJS, TEN Asian 87 

C*03:02 Allopurinol SJS, TEN Mixed 78,88 

DRB1*01:01 Nevirapine SCAR Mixed 83 

DRB1*07:01 Lapatinib DILI Mixed 89 
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Case study 2: HLA Associations with Abacavir Hypersensitivity  
 

Abacavir is an antiretroviral agent primarily used for the treatment of human immunodeficiency virus 

(HIV) infection in combination with other antiretroviral agents. A subset of patients treated with 

abacavir will experience adverse hypersensitivity reactions, which worsen if abacavir is not 

discontinued. If patients with previous adverse exposure to abacavir are re-exposed to the compound 

immediate and life-threatening reactions may occur90.  

HLA mediated genetic predisposition to abacavir hypersensitivity was first observed in a study of 200 

North American patients of mixed ethnicity who had undergone abacavir therapy, 85 of which had 

experienced hypersensitivity reactions. ~50% of the patients experiencing hypersensitivity carried the 

HLA-B*57 allele in contrast with ~5% of controls. This predisposition has been subsequently replicated 

in further North American, European and Australian populations, with an observed positive predictive 

value of 50-100% (94-100% in confirmed epicutaneous patch tested abacavir hypersensitivity 

reactions) and NPV of 90-100%91. Mechanistically, hypersensitivy occurs due to highly specific non-

covalent binding of abacavir to the HLA-B*57:01 antigen binding cleft, resulting in a novel peptide 

binding motif which instigates a T cell response92.  

Prompted by this observation, the ability of HLA-B*57:01 screening to reduce the incidence of abacavir 

hypersensitivity was assessed by the Prospective Randomized Evaluation of DNA Screening in a Clinical 

Trial (PREDICT-1) study on a large panel of 2,000 patients randomly assigned HLA-B*57:01 screening 

prior to abacavir therapy86. Of the patients in the prospective-screening cohort approximately 5% 

were excluded as carriers of the B*57:01 allele. While 2.7% of the patients in the control group 

experienced abacavir induced hypersensitivity syndrome, no patients in the stratified group were 

observed with abacavir induced hypersensitivity, confirming the ability of the HLA-B*57:01 biomarker 

to effectively prevent the incidence of this ADR. Due to the strength of this association HLA genotyping 

is recommended prior to abacavir therapy in the USA, Canada and Australia, and mandated prior to 

treatment in New Zealand, the UK and Singapore75.  
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Limitations of HLA Testing in Clinical Practice 
 

The case studies presented above highlight situations where the clinical value of HLA genotyping is 

well established and sufficiently robust to drive routine application. However, these examples are not 

representative of the utility of most associations. Indeed, despite the hypothesised potential of HLA 

screening to reduce ADR incidence or the ability of risk variants to predict the development of 

autoimmune disease based on observed associations, HLA genotyping is commonly not appropriate 

or cost-effective. Below are illustrative examples where the role of HLA genotyping was explored for 

precision medical applications and found to be ineffective.  

Screening for type 1 diabetes risk using population level HLA screening  

Type 1 diabetes (T1D) is a chronic autoimmune disease characterised by insulin deficiency and 

hyperglycaemia with a prevalence of ~ 0.5%25,93.  While HLA screening is of use for predicting T1D risk, 

no effective intervention is currently available and less than 10% of individuals carrying genetic risk 

factors will develop the disease93. However, HLA screening may still be of use for directing monitoring 

of disease onset. At the time of diagnosis, approximately 25% of children diagnosed with T1D will 

present with diabetic ketoacidosis (DKA), a serious life-threatening condition mandating 

hospitalisation94. Prompted by prospective studies demonstrating that DKA incidence may be reduced 

through regular monitoring of high risk individuals as defined by the presence of predisposing HLA risk 

genotypes and family history of disease, Meehan et al. explored whether HLA directed antibody 

screening on a population level to reduce the incidence of DKA in children under the age of 5 was a 

cost-effective intervention95. This study found that to break-even with the cost of hospitalisation and 

treatment for DKA as well as the costs association with long-term disability associated with poor 

outcome, HLA testing would need to be delivered at a cost of $1 USD, a price <1% of the subsidised 

Australian testing cost 33. As such, this strategy, despite the potential to reduce incidence of disease, 

is not cost-effective given the established benefits of HLA screening for this application.  
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Prevention of carbamazepine induced ADR using HLA screening 

Carbamazepine is an anticonvulsant widely used to treat epilepsy, facial nerve pain and bipolar 

disorder67. 5-10% of patients treated with carbamazepine will experience some form of adverse 

reaction, mostly mild96. A subset of these patients will experience Steven-Johnson Syndrome or toxic 

epidermal necrolysis (SJS/TEN), life threatening cutaneous hypersensitivity reactions97. 

Carbamazepine induced SJS/TEN has been strongly associated with the presence of the HLA-B*15:02 

allele in individuals of South-East Asian and Chinese ancestry81,98. As such it is recommended that 

individuals with these ancestries are screened for the HLA-B*15:02 allele prior to treatment with 

carbamazepine99.  

In 2008 a screening policy was introduced in Hong Kong mandating screening of HLA-B*15:02 in 

patients prior to treatment with carbamazepine, with the intention of reducing incidence of 

carbamazepine induced SJS/TEN. Chen et al. assessed the impact of this screening policy on the 

incidence of ADR in this population71. While the incidence of carbamazepine induced SJS/TEN dropped 

from 0.24% to 0% following the introduction of the screening policy, this was largely due to a decline 

in carbamazepine prescription, rather than better patient stratification. Furthermore, the overall 

incidence of SJS/TEN induced by antiepileptic drugs remained consistent in this population, due to an 

increase in SJS/TEN induced by alternative medications such as phenytoin.  These results suggested 

that clinicians preferred using drugs that did not require genetic screening, even if this increased ADR 

risk.  

In a further study Chen et al. assessed the cost-effectivity of screening in this population, calculating 

a screening cost of $332 USD per patient (including the test and additional consultations required to 

implement this result), with 442 patients needing to be screened to avoid a single case of 

carbamazepine induced SJS/TEN74. To break even with the cost carbamazepine ADR, this study 

estimated that a reduction in testing cost to $37 USD would result in a cost-effective screening policy.   
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Factors Influencing Cost-Effectivity of HLA Screening 
 

The above examples highlight that demonstrated benefit in a research context of an HLA screening 

policy is not sufficient to guarantee real world cost-effectiveness. While the cost-effectiveness of HLA 

screening for autoimmune disease is not well studied outside of the presented examples, analysis has 

been performed for a range of HLA-ADR associations (Table 1.4).  

These studies demonstrate that cost-effectiveness of an HLA screening program is a complex 

relationship of many factors including the incidence and severity of disease, the availability and 

possible impact of alternative treatment options, the predictive value of testing and, perhaps most 

importantly, the cost of providing and implementing testing100. While the disease characteristics and 

treatment options are largely fixed when assessing the role of HLA genotyping, the precise utility of 

HLA prediction and cost of implementation may be improved through better understanding of disease 

risk and development of more appropriate genetic testing technologies. Indeed, a minimally useful 

test may still be of benefit if it were to be delivered at incidental cost.  

Table 1.4: Studies assessing cost-effectiveness of HLA screening for ADR risk alleles.  

Drug ADR HLA Allele Population 
Tests performed to  
prevent each ADR 

Reported as 
Cost-effective? 

Ref 

Carbamazepine 
 

General A*31:01 European 125 Yes 101 

SJS/TEN B*15:02 

Chinese 142 Yes 
102 Malay 28 Yes 

Indian 833 No 

Thai 343 Possible 103 

HK 442 No 74 

Carbimazole/ 
methimazole 

AGR B*38:02 Chinese 211 Not Assessed 104 

Abacavir HSS B*57:01 

UK 48 Yes 105 

Spanish 28 Yes 106 

USA 19 Yes 107 

Chinese 149 No 
108 Malay 91 No 

Indian 26 Possible 

Allopurinol SJS/TEN B*58:01 

Thai 637 Possible 109 

Korea 46 Yes 110 

UK 11,286 No 111 
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1.4 Methods of HLA Genotyping 
 

Prior to the development of DNA amplification techniques in the 1980s and 1990s, HLA variants were 

identified using complement mediated lymphocyte toxicity testing112. In this approach, patient 

lymphocytes are exposed to a panel of well-characterised serum samples containing antibodies 

directed towards specific HLA types. By assessing complement mediated cell death with each serum 

sample, the HLA antigens present can be derived113. This technique has been largely replaced by 

molecular typing techniques which offer more accurate, and higher resolution typing and do not 

require banking and characterisation of population specific serum samples114.   

Polymerase Chain Reaction Based Methods 
 

Many molecular HLA typing approaches build upon polymerase chain reaction (PCR) amplification of 

the variable regions of the HLA sequence, specifically exons 2 and 3 which encode the extracellular 

peptide-binding α1 and α2 domains7,46. In the PCR approach a pair of priming DNA molecules are used 

to selectively amplify a specific genomic region through repetitive thermal cycling115. The act of 

amplification may itself be used to confirm the presence of specific sequences or instead generate a 

DNA product for further analysis. Commonly used variants of this method for HLA genotyping include: 

PCR-Sequence Specific Priming (PCR-SSP) 

 

In this approach multiple sets of primers are designed to selectively amplify a specific group of HLA 

alleles using known variation in sequence 116. The precise number of primer combinations varies 

depending on the target gene or alleles and typing resolution. By observing the pattern of 

amplification, the HLA alleles present can be derived. In some variations of this approach targeted 

mismatches are introduced in primers to improve amplification specificity, however this mandates 

more stringent amplification conditions46. Real-time PCR-SSP variations have been developed to 

streamline application and reduce risk of post-amplification contamination117.  
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PCR-Sequence Specific Oligonucleotide Probing (PCR-SSOP) 

 

In this approach primers are designed to indiscriminately amplify the entire target locus, such that the 

PCR product contains the entire variable sequence. This product is then probed with a large panel of 

biotinylated oligonucleotides and visualised with one of a large variety of techniques118,119. Modern 

applications of this approach couple fluorescent, micro-beads probe hybridisation with flow 

cytometry to streamline analysis for high-throughput applications120.  

PCR-Sequence Based Typing (PCR-SBT) 

 

In this approach, as with PCR-SSOP, the entire target locus is amplified with PCR prior to analysis. 

Where only specific alleles are of interest, a selective reaction such as those used for PCR-SSP may be 

used to simplify interpretation. The amplification product is then sequenced and the nucleotide 

sequence compared with the known sequences of HLA alleles 46. PCR-SBT is widely performed using 

the Sanger chain termination sequencing technique46. More recently, next-generation sequencing 

approaches, such as Single Molecule Real-Time (SMRT) DNA sequencing, have been applied to 

improve sequencing throughput as well as reduce typing ambiguity with longer sequencing read121. 

Multiplex Ligation-Dependant Probe Amplification (MLPA) 

 

MLPA is a widely used PCR variant in which the PCR amplification template is generated through the 

ligation of oligonucleotide probes targeted at adjacent DNA sites122. Design of probes to include a 

variable length “stuffer” sequence allows for multiple reactions to be performed using a single PCR 

primer set, reducing manual handling. By conjugating a fluorescent dye to one of the PCR primers, 

products may be rapidly detected using capillary electrophoresis. MLPA has been applied for the 

detection of specific HLA target alleles, but assays have not been established for general HLA typing123.  
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Point-of-Care Genetic Testing  
 

A common feature of the methods reported above is a restriction to the laboratory setting, where 

expensive thermal cycling and product visualisation/analysis equipment is available. While highly 

accurate, these technologies are time consuming and expensive, limiting utility in low resource 

environments or for high-throughput applications, such as HLA screening of large populations124. 

Furthermore, the implicit collection, transport and reporting requirements of laboratory based testing 

introduces unavoidable cost and time barriers to the application of molecular diagnostics in precision 

medicine applications125.  

Point-of-care (POC) genetic testing, the delivery of a genetic test at the time of consultation, seeks to 

overcome these barriers by providing results in a much shorter timeframe and without extensive 

training requirements for assay performance and analysis. It is expected that POC testing devices will 

play a crucial role in the effective application of genetic testing for personalised medicine126. 

While attempts have been made to miniaturise and streamline the PCR process to provide testing at 

the POC, few approaches are sufficiently robust to receive regulatory approval and the equipment 

required to perform testing is still prohibitively expensive for use in low resource settings126. In 

particular, the many reactions required for the PCR-SSP and the flow-cytometry and sequencing 

technologies used for PCR-SSO and PCR-SBT techniques are a large technical barrier, preventing the 

application of HLA genotyping at the point of care.   
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Point-of-Care Compatible HLA Testing Methods 
 

To address the cost burden and technical limitations of current HLA genotyping methods, multiple 

groups have explored the use of alternative testing methods to reduce the barriers to POC testing. 

Single Nucleotide Polymorphism tagging 

Due to strong linkage disequilibrium between HLA variants and single nucleotide polymorphisms 

(SNPs) in the MHC region, SNPs may act as a highly accurate marker for the inference of HLA genotype 

(a “tag”)127. As tagging variants may be located outside of highly variable HLA regions, it is possible to 

identify target alleles with fewer amplification reactions.  SNP genotyping is typically accomplished 

with fluorescently labelled probes which bind to the SNP target sequence during real-time PCR 

amplification46. SNP tagging is amenable to low-cost, high throughput screening of samples128. 

However, due to the imperfect tagging of reported SNPs, and the potentially dire consequences of 

HLA mistyping, this approach is not favoured for many diagnostic applications46. Recently, multiple 

groups have reported the development of rapid, point-of-care SNP genotyping devices126, paving the 

way for the use of tag SNPs as a fast and cost-effective strategy for HLA typing.    

 

Loop-Mediated Isothermal Amplification (LAMP) 

 

PCR-based HLA typing approaches require DNA purification, thermal-cycling and product visualisation 

equipment, restricting application to a laboratory setting. loop-mediated isothermal amplification 

(LAMP) has been proposed as an alternative technology to overcome these requirements, enabling 

point-of-care assessment of HLA risk variants. LAMP is a rapid, isothermal nucleic acid amplification 

technique utilising a strand displacement Bst DNA polymerase and four to six sequence specific 

primers123,129.  LAMP reactions typically require under 60 minutes of incubation and function reliably 

across a broad temperature range (2-4°C), eliminating the need for high accuracy thermal-cycling 

equipment130.  
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LAMP assays are more tolerant of inhibitors in clinical samples than PCR based technologies and may 

be performed directly on minimally processed blood131 or saliva132. Following incubation, amplification 

status can be rapidly determined, instrument free, by employing a fluorescent metal indicator133, 

dsDNA intercalating dye134, pH-sensitive dye135 or lateral flow dipstick136.  

LAMP reactions have been designed targeting specific HLA alleles associated with ADR risk including 

HLA-A*31:01137,138, HLA-B*15:02131 and HLA-B*58:01139 as well as low resolution typing of HLA-DRB1 

alleles140. Devices capable of performing rapid, automated LAMP reactions are currently under 

development141. 

 

Monoclonal antibody based detection 

 

Taking an approach reminiscent of serological detection of HLA antigens, monoclonal antibodies have 

been developed targeting the HLA-B17 serotype, encompassing the HLA-B*57 and HLA-B*58 antigen 

groups142,143. Fluorescent labelling of these antibodies, combined with flow cytometry analysis of 

leukocytes, enables rapid screening of patient samples for this serotype. While this method is 

sufficient to exclude approximately 90% of patients from HLA-B*57:01 mediated abacavir 

hypersensitivity, subsequent PCR genotyping is necessary to distinguish HLA-B*58 false positives.  This 

approach has also been applied to genotyping of the HLA-B*27 allele, with similar limitations144. 

Antibody based detection at the point-of-care is a well-established diagnostic tool as part of lateral 

flow assays, allowing for rapid molecular diagnostics in low resource and non-laboratory 

environments145.   
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1.5 Discovery of Novel HLA Associations 
 

As previously discussed, early HLA associations with disease were identified through direct testing of 

HLA variants in a population of individuals with a specific disorder to observe over-representation of 

alleles or haplotypes. While this approach is still applied today, and is far more effective due to the 

ready availability of HLA reference panels and high-resolution testing technologies, genetic disease 

association studies typically no longer focus on interrogation of specific genes. Instead, studies are 

performed analysing variation on a genome-wide level.  

Genome-Wide Association Studies 
 

Genome-wide association studies (GWAS) seek to compare the genetic profile of a cohort of 

individuals with a disorder (or other feature) against an otherwise matched cohort of control 

individuals. By assaying hundreds of thousands, or even millions, of SNPs across the genome, variants 

that are statistically over- or under-represented in individuals with a condition may be identified. By 

assessing this effect in large populations (tens or hundreds of thousands of individuals) regions which 

play even a minor role in disease predisposition may be identified. Typically, variants which are 

identified using GWAS are not causative, but rather genetically linked to the genomic variation 

resulting in disease predisposition146.  

Representation of the HLA region in GWAS 
 

The MHC region, containing the HLA genes, is highly enriched in variants associated with common 

disease identified with GWAS, with >3% of all significant associations found in this region147. While 

some MHC associations have been tied to specific HLA alleles, not all MHC signals are caused by 

association with HLA alleles, and instead may be due to association with the many other genes found 

in this region148.  
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Interpretation of GWAS HLA Associations 
 

Interpretation of HLA associations from GWAS data is particularly challenging due to extensive, long-

range linkage disequilibrium in the MHC, extending across multiple HLA and non-HLA genes127. Best 

practice when interpreting GWAS hits in the MHC is to follow up analysis with high-resolution HLA 

genotyping149. While this approach allows for confident conditioning of GWAS associations using HLA 

genotype, it is impractical in large study cohorts due to the cost of HLA genotyping. Subsequently, 

many studies which identify significance in the MHC region do not seek to identify allelic association, 

but simply report significance in this genomic region, or association with a nearby or co-located 

gene150. 

To overcome the cost-barrier of HLA genotyping in large GWAS datasets multiple groups have 

explored the development of HLA imputation approaches151-153. In the HLA imputation approach, HLA 

alleles are statistically predicted from SNP array data in a “study panel” through comparison with a 

“reference panel” where both SNP data and HLA genotyping is available150. Additionally, some tools 

impute the presence of specific genomic and protein variants within the MHC region, allowing for 

testing of association with common variants observed across multiple alleles153. Using these 

imputation methods, HLA alleles may be “typed” on extremely large sample cohorts (greater than 

100,000 samples) without additional laboratory analysis154. 

Limitations of Imputation Approaches 
 

While imputation accuracy is high (~95%) in European populations, where large reference panels are 

readily available, accuracy is reduced (75-90%) in Asian, African and Latino populations150. 

Additionally, imputation is not possible when interrogating MHC signals in previously published work 

where raw genotyping data is not available, nor may all datasets be compatible with existing 

imputation tools due to poor representation of annotated variants in the algorithms constructed from 

each reference panel150. Currently no tool is available that allows for generalised association of specific 
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SNP variants with HLA variants without application of imputation approaches or for the confirmation 

of associations found using imputation approaches.  

Interpretation of HLA Interactions in Disease Prediction  
 

One additional characteristic of HLA/disease associations that may complicate interpretation is 

interaction between HLA variants. An illustrative example of this is the DQ2.5 risk genotype in CD. 

While individuals may carry this risk genotype on a single haplotype, DQ2.5 (containing both the HLA-

DQB1*02 and HLA-DQA1*05 alleles), it may also be generated through combination of two partial risk 

haplotypes, DQ2.2 (containing the HLA-DQB1*02 allele) and DQ7.5 (containing the HLA-DQA1*05 

allele). While both partial haplotypes do increase risk, the combined risk greatly exceeds this additive 

effect. This is due to physical interaction between the HLA-DQB1*02 and HLA-DQA1*05 peptides 

carried on these haplotypes to construct the predisposing DQ2.5 MHC Class II antigen presenting 

molecule33. It is also due to this effect that individuals homozygous for the DQ2.5 risk haplotype have 

a higher risk than heterozygous individuals (the DQ2 gene dose effect), as all HLA-DQ dimers are 

comprised of the high risk combination155. A similar situation can be observed with narcolepsy, where 

both the HLA-DQA1*01:02 and HLA-DQB1*06:02 molecules combine to generate the predisposing risk 

heterodimer156.  Such non-additive effects have now been observed across many autoimmune 

diseases157.  

Given this interacting nature of MHC Class II variants, the univariate analysis applied in GWAS studies 

may not effectively capture HLA risk variants. Furthermore, genomic prediction models for auto-

immune diseases are typically additive, masking MHC interactions.158 While identification of higher 

order SNP interactions using GWAS data is an area of active research159, no systematic methodology 

acknowledging the protein level interaction of HLA-DQ peptides has been applied for the construction 

of disease predictive models.  
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1.6 Objectives 
 

This chapter has outlined the robust potential utility of HLA genotyping in precision medicine 

applications as well as the barriers limiting the translation of HLA genetic testing into routine clinical 

practice. This thesis aims to facilitate a broader translation and application of HLA testing through 

development of methods by which HLA associations with disease and drug response can be better 

identified, interrogated and applied, and in a more efficient and cost-sensitive manner.  

Objective 1: Assess the use of loop-mediated isothermal amplification for the characterisation of 

complex auto-immune disease HLA risk profiling.  

LAMP is an excellent candidate technology for POC genetic testing applications due to the tolerance 

of this technique to inhibitors in clinical samples, and the relatively simple instrument requirements 

for amplification and visualisation of results. LAMP has been previously applied to the rapid detection 

of HLA risk alleles associated with ADRs. However, the HLA profiles of auto-immune disorders are 

more complex, characterised by multiple distinct and interacting risk variants.  The first objective of 

this thesis was to explore the application of LAMP for HLA based risk stratification of complex auto-

immune disease, using CD as a model disease. A LAMP assay (CD-LAMP) was developed for detection 

of CD risk genotypes and tested against PCR-SSO/PCR-SSP genotyping on a large panel of patient 

samples, including both minimally processed blood and saliva samples.  

Objective 2: Assess the use of HLA tagging SNPs for detection of pharmacogenomic biomarkers in 

ethnically diverse populations.  

Another method by which HLA risk variants may be cost-effectively characterised is the use of HLA 

tagging SNPs. When this approach was first proposed using data from the HapMap populations it was 

met with enthusiasm, however, it has not been favoured for clinical applications due to inaccuracy of 

proposed tagging variants in validation studies.  
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In recent years, multiple large SNP/HLA reference panels have been constructed for use with HLA 

imputation programs, generating excellent candidate datasets for revisiting this approach. 

Additionally, HLA genotyping data has recently been released for a set of samples with whole genome 

sequencing from the 1000 Genomes datasets. While the sample-size of this dataset is not particularly 

large, it is an excellent validation population for HLA tagging SNPs due to the density of MHC SNP 

annotations and a broad ethnic diversity. The second objective of this thesis was to systematically 

assess reported and novel HLA tagging SNPs, discovered using SNP/HLA reference panels, for cross-

ethnicity tagging of well-established HLA risk variants. This analysis describes a statistical method by 

which tagging SNPs may be systematically assessed with high-throughput and represents the most 

extensive cross-ethnicity HLA tagging SNP validation study to date.   

Objective 3: Assess the use of genomic risk score methodologies for optimisation of auto-immune 

disease risk prediction with interacting HLA genotypes. 

Multiple groups have reported the development of statistically motivated genomic risk scores for the 

prediction of autoimmune disease risk. These risk scores have been demonstrated to improve 

prediction above the predictive value of HLA genotypes, as applied as directed under current clinical 

guidelines, and used as evidence for the presence of many small additive risk variants throughout the 

genome. However, this comparison may not be appropriate, as the predictive power of HLA genotypes 

has not been assessed using equivalent methodologies. The third objective of this thesis is to assess 

whether HLA mediated disease prediction can be improved by applying genomic risk score 

methodologies to interacting HLA risk variants. This analysis, again using CD as a model disorder, 

describes a systematic approach which stratifies disease risk using known HLA risk variants then 

leverage this information to discover novel interacting HLA risk factors. The optimised HLA 

stratification models are then used to reassess clinical guidelines.  
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Objective 4: Construct a reference dataset for rapid inference of SNP/HLA associations  

While HLA imputation using GWAS data has become a common tool for assessing the role of HLA 

alleles in disease predisposition and for the conditional analysis of HLA variation on MHC candidate 

variants, there has been no simple method of predicting an associated HLA variant given only a 

candidate SNP. Current tools make interpretation of MHC associations reported in older GWAS studies 

difficult and offer no mechanism for high-throughput assessment of reported variants in catalogues 

of genomic associations. The fourth objective of this thesis looks to construct a resource for assessing 

of linkage disequilibrium between SNPs and HLA variants using the high-density variant annotation in 

the 1000 Genomes dataset. This tool should facilitate rapid discovery and interpretation of HLA 

associations in studies of disease and drug response. 
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2.2 Supplementary Information 

  

Figure S2.1: Alignment of the HLA-DQA1 region targeted for specific detection of HLA-DQA1*05 alleles. Alternating blue and yellow highlights 

indicate sequence targeted by LAMP primers. 
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Figure S2.2: Alignment of HLA-DQB1 region targeted for specific detection of HLA-DQB1*02 alleles. Alternating blue and yellow highlights 

indicate sequence targeted by LAMP primers. 
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Figure S2.3: Alignment of HLA-DQB1 region targeted for specific detection of HLA-DQB1*03:02 alleles. Alternating blue and yellow highlights 

indicate sequence targeted by LAMP primers. 
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Figure S2.4: Alignment of CD-LAMP target regions with HLA class II paralogues. a) Alignment of HLADQA1*05:01 target region (HLA-DQA1 intron 

1) with paralogous region of HLA-DQA2. b) Alignment of HLA-DQB1*02:01 target region (HLA-DQB1 intron1/exon 2) with paralogous region of 

HLA-DQB2. c) Alignment of HLA-DQB1*03:02 target region (HLA-DQB1 exon 2) with paralogous region of HLA-DQB2. Paralogue sequence as 

annotated in the Ensembl GRCh37 reference genome. Alternating Blue and yellow highlights indicate sequence targeted by LAMP primers. 
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Figure S2.5: Optimisation of the CD-LAMP assay. CD-LAMP reaction protocols were first optimised on selected DNA samples from typed B-cell 

lines. A positive reaction is visible by electrophoresis (image inverted) as a large DNA smear. A) Reaction targeting HLA-DQA1*05 alleles. All 

available HLA-DQA1*05 alleles amplified, while alleles from all other HLA-DQA1 allele groups did not amplify. B) Reaction targeting HLA-

DQB1*02 alleles. Both available HLA-DQB1*02 alleles amplified while alleles from all other HLA-DQB1 allele groups did not amplify. C) Reaction 

targeting the HLA-DQB1*03:02 allele. All samples containing the HLA-DQB1*03:02 allele amplified, while no other HLA-DQB1*03 group alleles or 

other HLA-DQB1 allele groups amplified. N = negative control. 
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Figure S2.6: PCR-SSO typed blood sample panel used for optimisation of sample lysis and minimally processed patient sample reaction 

conditions.  Following optimisation PCR-SSO typing results were 100% concordant with CD-LAMP results.  
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Table S2.1: IHWG purified DNA samples used in this study to assess CD-LAMP primer 

performance and initial optimisation of reaction conditions. Underlined values represent 

alleles targeted by the CD-LAMP primers. 

IHWG no. 
HLA-DQA1 
Genotype 

HLA-DQB1 
Genotype 

IHW01016 03:01/03:01 03:02/03:02 

IHW01021 01:01/04:01 04:02/05:01:01 

IHW01025 03:01/04:01 03:02:01/04:02 

IHW01032 04:01/05:01 02:01/04:02 

IHW01060 01:02/03:01 06:02/03:02:01 

IHW01064 01:03/02:01 06:03/03:03:02 

IHW09037 05:05/05:05 03:01:01/03:01:01 

IHW09099 05:03/05:03 03:01/03:01 

IHW09138 02:01/03:01 02:02/03:02 

IHW09182 06:01/01:01 03:01/05:01 

IHW09184 03:02/05:01 03:01/03:03 

IHW09185 03/01:03 04:01/06:03 

IHW09349 03:01/05:01 03:01/03:04 
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Table S2.2: PCR-SSO and LAMP genotyping results of 100 purified DNA samples. Samples with discordant typing are highlighted with an asterisk 

in the “Mistype” column 

 PCR-SSO Typing  LAMP typing 
 DQA1 Genotype DQB1 Genotype PCR-SSO Call Expected LAMP result DQA1*05 DQB1*02 DQB1*03:02 LAMP summary Mistype 

DNA #1 01,05 03:01/09/19,05:01 DQA1*05 DQA1*05 + - - DQA1*05  

DNA #2 01:02,05:01/03/05/08/09 03:01/09/19,06:02 DQA1*05 DQA1*05 + - - DQA1*05  

DNA #3 01:02 06:02/03,06:04/22/39 DQX DQX - - - DQX  

DNA #4 05:01/03/05/08/09 02:01/14,03:01 DQ2.5/DQA1*05 DQ2.5 + + - DQ2.5  

DNA #5 02:01,05:01/03/05/08/09 02:01/14,02:02 DQ2.5/DQ2.2 DQ2.5 + + - DQ2.5  

DNA #6 01:01/04/05,03:01/02/03 03:02,05:01 DQ8 DQ8 - - + DQ8  

DNA #7 03,05 02:01/14,03:02 DQ2.5/DQ8 DQ2.5/DQ8 + + + DQ2.5/DQ8  

DNA #8 01:01/04/05,01:02 06:02/71 DQX DQX - - - DQX  

DNA #9 01:02,03:01/02/03 03:02/67,06:02 DQ8 DQ8 - - + DQ8  

DNA #10 03:01/02/03 03:01/09/19,03:02/67 DQ8 DQ8 - - + DQ8  

DNA #11 03:01/02/03 03:01/09/19 DQX DQX - - - DQX  

DNA #12 01:02 06:02/71 DQX DQX - - - DQX  

DNA #13 02:01,03:01/02/03 02:02,03:02 DQ2.2/DQ8 DQ2.2/DQ8 - + + DQ2.2/DQ8  

DNA #14 01:01/04/05 05:03 DQX DQX - - - DQX  

DNA #15 02:01,03:01/02/03 02:02,03:05 DQ2.2 DQ2.2 - + - DQ2.2  

DNA #16 02:01 02:02 DQ2.2 DQ2.2 - + - DQ2.2  

DNA #17 01:03,05:01/03/05/08/09 02:01/14,06:01 DQ2.5 DQ2.5 + + - DQ2.5  

DNA #18 01:02,03:01/02/03 03:01/09/19,06:02 DQX DQX - - - DQX  

DNA #19 02:01,03:01/02/03 02:02,03:02 DQ2.2/DQ8 DQ2.2/DQ8 - + + DQ2.2/DQ8  

DNA #20 01:02,03:01/02/03 03:02/67,06:02 DQ8 DQ8 - - + DQ8  

DNA #21 03:01/02/03 03:02/67 DQ8 DQ8 - - + DQ8  

DNA #22 01:01/04/05,01:02 05:01,06:02 DQX DQX - - - DQX  

DNA #23 01:02,02:01 03:03,06:02 DQX DQX - - + DQ8 * 

DNA #24 02:01,03:01/02/03 02:02,03:02 DQ2.2/DQ8 DQ2.2/DQ8 - + + DQ2.2/DQ8  

DNA #25 03,05 02:01/14,04:01 DQ2.5 DQ2.5 + + - DQ2.5  

DNA #26 01:03,02:01 02:02,06:03 DQ2.2 DQ2.2 - + - DQ2.2  

DNA #27 03:01/02/03,04:01/02/04 04:02 DQX DQX - + - DQ2.2 * 

DNA #28 01:01/04/05,03:01/02/03 03:02,05:01 DQ8 DQ8 - - + DQ8  

DNA #29 02:01 02:02 DQ2.2 DQ2.2 - + - DQ2.2  

DNA #30 03:01/02/03 03:02/67 DQ8 DQ8 - - + DQ8  

DNA #31 01:01/04/05,02:01 03:03,05:01 DQX DQX - - + DQ8 * 

DNA #32 03:01/02/03,04:01/02/04 03:02/67,04:02 DQ8 DQ8 - - + DQ8  

DNA #33 03,05 02:01/14,03:02 DQ2.5/DQ8 DQ2.5/DQ8 + + + DQ2.5/DQ8  
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DNA #34 01:01/04/05,03:01/02/03 03:02,05:01 DQ8 DQ8 - - + DQ8  

DNA #35 01:02,03:01/02/03 03:02,05:02 DQ8 DQ8 - - + DQ8  

DNA #36 01:01/04/05,03:01/02/03 03:02,05:03 DQ8 DQ8 - - + DQ8  

DNA #37 03,05 02:01/14,03:02 DQ2.5/DQ8 DQ2.5/DQ8 + + + DQ2.5/DQ8  

DNA #38 01:03,02:01 02:02,06:03 DQ2.2 DQ2.2 - + - DQ2.2  

DNA #39 03:01/02/03 03:01/09/19,03:02/67 DQ8 DQ8 - - + DQ8  

DNA #40 03:01/02/03,04:01/02/04 03:02,04:02 DQ8 DQ8 - - - DQX * 

DNA #41 03:01/02/03 03:01/09/19,03:02/67 DQ8 DQ8 - - + DQ8  

DNA #42 01:01/04/05,03:01/02/03 03:02,05:01 DQ8 DQ8 - - + DQ8  

DNA #43 05:01/03/05/08/09 02:01/14 DQ2.5 DQ2.5 + + - DQ2.5  

DNA #44 01:01/04/05,03:01/02/03 03:02,05:03 DQ8 DQ8 - - + DQ8  

DNA #45 01:01/04/05,03:01/02/03 03:02,05:01 DQ8 DQ8 - - + DQ8  

DNA #46 01:03,03:01/02/03 03:02/67,06:03 DQ8 DQ8 - - + DQ8  

DNA #47 02:01,03:01/02/03 02:02,03:02 DQ2.2/DQ8 DQ2.2/DQ8 - + + DQ2.2/DQ8  

DNA #48 01:03,05:01/03/05/08/09 02:01/14,06:01 DQ2.5 DQ2.5 + + - DQ2.5  

DNA #49 04,05 02:01/14,04:02 DQ2.5 DQ2.5 + + - DQ2.5  

DNA #50 02:01,05:01/03/05/08/09 02:01/14,03:03 DQ2.5 DQ2.5 + + - DQ2.5  

DNA #51 02:01,05:01 02:01/14,03:03 DQ2.5 DQ2.5 + + - DQ2.5  

DNA #52 02:01,03:01/02/03 02:02,03:02 DQ2.2/DQ8 DQ2.2/DQ8 - + + DQ2.2/DQ8  

DNA #53 02:01 02:02,03:03 DQ2.2 DQ2.2 - + + DQ2.2/DQ8 * 

DNA #54 03:01/02/03 03:02/67 DQ8 DQ8 - - + DQ8  

DNA #55 03:02/03 03:01 DQX DQX - - - DQX  

DNA #56 03:01/02/03,04:01 03:02,04:02 DQ8 DQ8 - - + DQ8  

DNA #57 02:01,04:01 02:02,04:02 DQ2.2 DQ2.2 - + - DQ2.2  

DNA #58 01:02 06:02/71 DQX DQX - - - DQX  

DNA #59 03:02/03 03:03,04:01 DQX DQX - + + DQ2.2/DQ8 * 

DNA #60 01:02,01:03 06:01 DQX DQX - - - DQX  

DNA #61 01:02 06:02/71 DQX DQX - - - DQX  

DNA #62 01:01/04/05,01:02 05:01,06:04/39 DQX DQX - + - DQ2.2 * 

DNA #63 03:01,05:05/09 03:02/67,03:19 DQA1*05/DQ8 DQA1*05/DQ8 + - + DQA1*05/DQ8  

DNA #64 05:03 03:01 DQA1*05 DQA1*05 + - - DQA1*05  

DNA #65 05:01/03/05/08/09 02:01/14 DQ2.5 DQ2.5 + + - DQ2.5  

DNA #66 01:01/04/05,03:01/02/03 03:02,05:01 DQ8 DQ8 - - + DQ8  

DNA #67 01:02,05:01/03/05/08/09 02:01/14,06:02 DQ2.5 DQ2.5 + + - DQ2.5  

DNA #68 02:01,05:01/03/05/08/09 02:01/14,02:02 DQ2.5/DQ2.2 DQ2.5 + + - DQ2.5  

DNA #69 05:01/03/05/08/09 02:01/14,03:01 DQ2.5 DQ2.5 + + - DQ2.5  

DNA #70 01:01/04/05,01:02 05:01,05:02 DQX DQX - - - DQX  

DNA #71 05:01/03/05/08/09 03:01/09/19 DQA1*05 DQA1*05 + - - DQA1*05  

DNA #72 01:01/04/05,06:01 03:01/09/19,05:02 DQX DQX - - - DQX  
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DNA #73 01:03,05:01/03/05/08/09 03:01/09/19,06:03 DQA1*05 DQA1*05 + - - DQA1*05  

DNA #74 02:01 02:02 DQ2.2 DQ2.2 - + - DQ2.2  

DNA #75 02:01,05:01/03/05/08/09 02:02,03:01 DQ2.2/DQA1*05 DQ2.5 + + - DQ2.5  

DNA #76 05:01/03/05/08/09 03:01/09/19 DQA1*05 DQA1*05 + - - DQA1*05  

DNA #77 01:03,05:01/03/05/08/09 02:01/14,06:03 DQ2.5 DQ2.5 + + - DQ2.5  

DNA #78 01:02,05:01/03/05/08/09 02:01/14,06:09 DQ2.5 DQ2.5 + + - DQ2.5  

DNA #79 05:01/03/05/08/09 03:01/09/19 DQA1*05 DQA1*05 + - - DQA1*05  

DNA #80 01:02,05:01/03/05/08/09 02:01/14,05:02 DQ2.5 DQ2.5 + + - DQ2.5  

DNA #81 01:03,03:01/02/03 03:02/67,06:03 DQ8 DQ8 - - + DQ8  

DNA #82 01:03,05:01/03/05/05/08/09 02:01/14,06:03 DQ2.5 DQ2.5 + + - DQ2.5  

DNA #83 01:02,05:01/03/05/08/09 03:01/09/19,06:02 DQA1*05 DQA1*05 + - - DQA1*05  

DNA #84 02:01,05:01/03/05/08/09 02:02,03:01 DQ2.2/DQA1*05 DQ2.5 - + - DQ2.5  

DNA #85 01:01/04/05,03:01/02/03 03:02,05:03 DQ8 DQ8 - - + DQ8  

DNA #86 01:02,05:01/03/05/08/09 02:01/14,06:04/39 DQ2.5 DQ2.5 + + - DQ2.5  

DNA #87 01:02,05:01/03/05/08/09 03:01/09/19,06:04/39 DQA1*05 DQA1*05 + - - DQA1*05  

DNA #88 02:01 02:02 DQ2.2 DQ2.2 - + - DQ2.2  

DNA #89 01:02,05:01/03/05/08/09 02:01/14,06:02 DQ2.5 DQ2.5 + + - DQ2.5  

DNA #90 01:02,03:01/02/03 03:01/03/19,06:04/39 DQX DQX - - - DQX  

DNA #91 05:01/03/05/08/09 02:01/14 DQ2.5 DQ2.5 + + - DQ2.5  

DNA #92 02:01,03:01/02/03 03:02/67,03:03 DQ8 DQ8 - - + DQ8  

DNA #93 01:01/04/05,03:01/02/03 03:02,05:01 DQ8 DQ8 - - + DQ8  

DNA #94 01:02,05:01/03/05/08/09 03:01/09/19,06:02 DQA1*05 DQA1*05 + - - DQA1*05  

DNA #95 01:02,03:01/02/03 03:01/09/19,05:02 DQX DQX - - - DQX  

DNA #96 01:02,02:01 02:02,06:04 DQ2.2 DQ2.2 - + - DQ2.2  

DNA #97 05:01/03/05/08/09 03:01/09/19 DQA1*05 DQA1*05 + - - DQA1*05  

DNA #98 05:01/03/05/08/09 02:01/14,03:01 DQ2.5/DQA1*05 DQ2.5 + + - DQ2.5  

DNA #99 01:03,06:01 03:01/09/19,06:03 DQX DQX - + - DQ2.2 * 

DNA #100 01:03,03:01/02/03 04:01,06:01 DQX DQX - - - DQX  
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Table S2.3: PCR-SSO and LAMP genotyping of 40 blood samples 

 

 PCR-SSO Typing  LAMP typing 
 DQA1 Genotype DQB1 Genotype PCR-SSO Call Expected LAMP result DQA1*05 DQB1*02 DQB1*03:02 LAMP summary 

Blood #1 05/01 02/06 DQ2.5 DQ2.5 + + - DQ2.5 

Blood #2 05/01 02/06 DQ2.5 DQ2.5 + + - DQ2.5 

Blood #3 05/02 02/02 DQ2.5/DQ2.2 DQ2.5 + + - DQ2.5 

Blood #4 05/03 02/03:02 DQ2.5/DQ8 DQ2.5/DQ8 + + + DQ2.5/DQ8 

Blood #5 02/02 02/02 DQ2.2 DQ2.2 - + - DQ2.2 

Blood #6 01/01 05/06 DQX DQX - - - DQX 

Blood #7 05/05 02/02 DQ2.5/DQ2.2 DQ2.5 + + - DQ2.5 

Blood #8 01/05 03:01/06 DQA1*05 DQA1*05 + - - DQA1*05 

Blood #9 01/06 03:01/06 DQX DQX - - - DQX 

Blood #10 01/06 03:01/05 DQX DQX - - - DQX 

Blood #11 03/05 03:01/03:02 DQ8/DQA1*05 DQ8/DQA1*05 + - + DQ8/DQA1*05 

Blood #12 03/03 03:02/03:02 DQ8 DQ8 - - + DQ8 

Blood #13 01/03 03:02/05 DQ8 DQ8 - - + DQ8 

Blood #14 01/04 03:01/06 DQX DQX - - - DQX 

Blood #15 01/05 03:01/06 DQA1*05 DQA1*05 + - - DQA1*05 

Blood #16 02/05 02/03:01 DQ2.5 DQ2.5 + + - DQ2.5 

Blood #17 05/05 02/03:01 DQ2.5/DQA1*05 DQ2.5 + + - DQ2.5 

Blood #18 02/05 02/05 DQ2.5 DQ2.5 + + - DQ2.5 

Blood #19 02/05 02/03:01 DQ2.5 DQ2.5 + + - DQ2.5 

Blood #20 05/05 02/02 DQ2.5 DQ2.5 + + - DQ2.5 

Blood #21 02/05 02/05 DQ2.5 DQ2.5 + + - DQ2.5 

Blood #22 01/01 06/06 DQX DQX - - - DQX 

Blood #23 01/05 02/06 DQ2.5 DQ2.5 + + - DQ2.5 

Blood #24 01/05 02/06 DQ2.5 DQ2.5 + + - DQ2.5 

Blood #25 02/05 02/03:01 DQ2.5 DQ2.5 + + - DQ2.5 

Blood #26 01/05 02/06 DQ2.5 DQ2.5 + + - DQ2.5 

Blood #27 01/05 02/06 DQ2.5 DQ2.5 + + - DQ2.5 

Blood #28 01/05 03:01/05 DQA1*05 DQA1*05 + - - DQA1*05 

Blood #29 01/01 06/06 DQX DQX - - - DQX 

Blood #30 01/05 02/06 DQ2.5 DQ2.5 + + - DQ2.5 

Blood #31 03/05 02/03:02 DQ2.5/DQ8 DQ2.5/DQ8 + + + DQ2.5/DQ8 

Blood #32 02/05 02/02 DQ2.5/DQ2.2 DQ2.5 + + - DQ2.5 

Blood #33 02/05 03:01/03:02 DQA1*05/DQ8 DQA1*05/DQ8 + - + DQA1*05/DQ8 

Blood #34 01/05 03:01/06 DQA1*05 DQA1*05 + - - DQA1*05 

Blood #35 03/05 03:01/03:03 DQA1*05 DQA1*05 + - - DQA1*05 

Blood #36 03/05 02/03:01 DQ2.5 DQ2.5 + + - DQ2.5 

Blood #37 02/05 02/02 DQ2.5/DQ2.2 DQ2.5 + + - DQ2.5 

Blood #38 01/05 02/06 DQ2.5 DQ2.5 + + - DQ2.5 

Blood #39 01/05 02/06 DQ2.5 DQ2.5 + + - DQ2.5 

Blood #40 01/03 03:01/06 DQX DQX - - - DQX 
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Table S2.4: PCR-SSO and LAMP genotyping of 20 saliva samples 

 

 PCR-SSO Typing  LAMP typing 

 DQA1 
Genotype 

DQB1 
Genotype 

PCR-SSO Call Expected LAMP 
result 

DQA1*
05 

DQB1*
02 

DQB1*03:
02 

LAMP 
summary 

Saliva 

#1 

05/X 02/X DQ2.5 DQ2.5 + + - DQ2.5 

Saliva 

#2 

05/02 02/02 DQ2.5/DQ2.2 DQ2.5 + + - DQ2.5 

Saliva 

#3 

01/05 02/06 DQ2.5 DQ2.5 + + - DQ2.5 

Saliva 

#4 

01/05 02/06 DQ2.5 DQ2.5 + + - DQ2.5 

Saliva 

#5 

X/X 03:02/X DQ8 DQ8 - - + DQ8 

Saliva 

#6 

03/03 03:02/03:02 DQ8 DQ8 - - + DQ8 

Saliva 

#7 

03/05 03:01/03:02 DQA1*05/DQ

8 

DQA1*05/DQ8 + - + DQA1*05/D

Q8 

Saliva 

#8 

02/03 02/03:02 DQ2.2/DQ8 DQ2.2/DQ8 - + + DQ2.2/DQ8 

Saliva 

#9 

01/02 03:03/05 DQX DQX - - - DQX 

Saliva 

#10 

02/05 02/02 DQ2.5/DQ2.2 DQ2.5 + + - DQ2.5 

Saliva 

#11 

01/05 02/06 DQ2.5 DQ2.5 + + - DQ2.5 

Saliva 

#12 

03/05 03:01/03:03 DQA1*05 DQA1*05 + - - DQA1*05 

Saliva 

#13 

02/05 02/03:03 DQ2.5 DQ2.5 + + - DQ2.5 

Saliva 

#14 

02/05 02/02 DQ2.5/DQ2.2 DQ2.5 + + - DQ2.5 

Saliva 

#15 

02/05 02/02 DQ2.5/DQ2.2 DQ2.5 + + - DQ2.5 

Saliva 

#16 

05/05 02/03:01 DQ2.5/DQA1

*05 

DQ2.5 + + - DQ2.5 

Saliva 

#17 

05/05 02/02 DQ2.5 DQ2.5 + + - DQ2.5 

Saliva 

#18 

03/05 02/03:02 DQ2.5/DQ8 DQ2.5/DQ8 + + + DQ2.5/DQ8 

Saliva 

#19 

01/03 03:01/06 DQX DQX - - - DQX 

Saliva 

#20 

05/05 02/02 DQ2.5 DQ2.5 + + - DQ2.5 
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Table S2.5: Expected performance of CD-LAMP in European and Australian CD patient cohorts. CD-LAMP sensitivity is the expected sensitivity of 

CD-LAMP for individuals carrying HLA susceptibility genotypes based on CD-LAMP validation results. Population data represents the carrier rate 

of CD patients for CD susceptibility HLA genotypes. Expected CD-LAMP detection is the percentage of CD-patients expected to be identified by 

the CD-LAMP assay given the sensitivity of CD-LAMP for each susceptibility genotype. 

 

 DQ2.5 DQ8  DQ2.2 DQA1*05    

CD-LAMP 
Sensitivity 

100.00% 97.1% 100% 100.00%    

        

Population 
DQ2.5 

 
DQ8  

(-DQ2.5) 
DQ2.2 

(-DQ2.5, -DQ8) 
DQA1*05 
 (-other) 

Total CD risk 
allele carrier rate 

Expected 
CD-LAMP 

detection rate 
Ref. 

Europe 
(n = 1008) 

88.00% 5.95% 4.07% 1.59% 99.60% 99.43% 160 

Australia 
(n=356) 

92.33% 5.40% 1.99% N/A 99.72% 99.46% 51 
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3.1 Abstract 
 

Reduction of Adverse Drug Reaction (ADR) incidence through screening of predisposing Human Leukocyte 

Antigen (HLA) alleles is a promising approach for many widely used drugs. However, application of these 

associations has been limited by the cost-burden of HLA genotyping. Use of single nucleotide 

polymorphisms (SNPs) that can approximate (“tag”) HLA alleles of interest has been proposed as a cost-

effective and simple alternative to conventional genotyping. However, most reported SNP tags have not 

been validated and there is concern regarding clinical utility of this approach due to tagging inconsistency 

across different populations. In this chapter I assess the ability of 67 previously reported and 378 novel 

tagging SNPs, identified here in 5 HLA reference panels, to tag 15 ADR associated HLA alleles in a panel of 

955 ethnically diverse samples. Tags for 8 HLA alleles of interest are identified with 100% sensitivity and 

>95% specificity. These SNPs may act as a reliable genotyping approach for the routine screening of 

patients, without the need to account for patient ethnicity.  
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3.2 Introduction  
 

As detailed previously, Adverse drug reactions (ADRs) are a common and sometimes unpredictable effect 

of treatment with a wide range of medications67. ADRs are a leading cause of hospital admissions and 

deaths in the US,  with an estimated  2,000,000 hospitalisations and 100,000 deaths per year68. Severe 

ADRs may result in withdrawal of a drug from market, despite clinical utility for the majority of 

patients67,71. Precision medicine, whereby drug exposure is guided by genetic make-up, is a promising 

approach for addressing ADRs67.  Most prominently, class I and class II Human Leukocyte Antigen (HLA) 

alleles have been linked with idiosyncratic ADRs67. Table 3.1 details 15 HLA alleles annotated in the 

PharmGKB database with replicated associations with ADRs73. By stratifying patients using the presence 

of HLA biomarkers it is possible to reduce occurrence of ADRs in clinical practice67. Among the reported 

HLA-ADR associations, 4 alleles are currently annotated by the US Food and Drug Administration (FDA) as 

pharmacogenomic biomarkers: HLA-A*31:01, HLA-B*15:02, HLA-B*57:01 and HLA-DRB1*07:01 (as part 

of the DRB1*07:01-DQA1*02:01 haplotype)74. 
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Table 3.1: Replicated HLA-ADR associations in the PharmGKB database 

HSS: Hypersensitivity Syndrome, SJS:  Steven-Johnson Syndrome, TEN: Toxic Epidermal 

Necrolysis, SCAR:  Severe cutaneous adverse reactions, DILI: Drug Induced Liver Injury, AGR: 

Agranulocytosis 

 

HLA Allele Drug ADR Ethnicity Reference 

A*31:01 Carbamazepine HSS Mixed 76,77 

A*33:03 Allopurinol HSS, SJS Mixed 78,79 

B*13:01 Dapsone HSS Asian 80 

B*15:02 Carbamazepine, Phenytoin SJS, TEN Asian 81 

B*15:11 Carbamazepine SCAR Asian 82 

B*35:01 Nevirapine HSS Mixed 83 

B*38:02 Carbimazole, Methimazole AGR Mixed 84 

B*40:01 Carbamazepine SJS, TEN Asian 85 

B*57:01 Abacavir HSS Mixed 86 

B*58:01 Allopurinol HSS, SJS Mixed 78,79 

B*59:01 Methazolamide SJS, TEN Asian 87 

C*01:02 Methazolamide SJS, TEN Asian 87 

C*03:02 Allopurinol SJS, TEN Mixed 78,88 

DRB1*01:01 Nevirapine SCAR Mixed 83 

DRB1*07:01 Lapatinib DILI Mixed 89 
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Despite the high negative predictive value of reported HLA-ADR associations (accuracy of prediction that 

individuals negative for an allele will not experience an ADR), most have low positive predictive value 

(most individuals positive for the predisposing allele will not experience an ADR). Only HLA-B*57:01 

screening before abacavir therapy is commonplace, with a negative predictive value of 97%, and relatively 

high positive predictive value (~50%)105 and risk allele frequency (~5%)161. For other ADRs, the uptake of 

screening has been limited due to the technical and economic barriers associated with conventional HLA 

genotyping methods67,74,111. Routine HLA typing is typically performed in specialised laboratories using 

high resolution polymerase chain reaction (PCR) based sequence specific priming (SSP), sequenced base 

typing (SBT), micro bead hybridization approaches46 or, more recently, next generation sequencing 

approaches121. These technologies are time consuming and expensive, and as hundreds74 or thousands111 

of individuals may need to be screened to prevent a single ADR, the cost burden of HLA genotyping means 

that screening is commonly not cost-effective100.  

One strategy that has been proposed to reduce the cost of HLA screening is single nucleotide 

polymorphism (SNP) tagging of HLA variants128. Due to strong linkage disequilibrium (LD) between HLA 

variants and Single Nucleotide Polymorphism (SNPs) in the Major Histocompatibility Complex (MHC) 

region, SNPs may act as a highly accurate marker, a “tag”, for the inference of HLA genotype127. SNP 

genotyping allows high throughput screening of samples and is a cost-effective alternative to traditional 

typing for large scale research and screening programs of auto-immune disease HLA risk alleles124,162.  

Combined with rapid, point-of-care SNP genotyping devices126, tag SNPs  may act as a rapid and cost-

effective strategy for HLA typing.    

A comprehensive set of SNP tags for HLA alleles was first reported by de Bakker et. al. in 2006127. These 

tags have not consistently validated in subsequent verification studies163. The most prominently tested 

association has been the rs2395029 SNP in the HCP5 gene as a proxy for HLA-B*57:01 genotyping. While 
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this SNP was found to have complete LD with HLA-B*57:01 in Mexican164 and Argentinian165 populations, 

as well as a small set of ethnically diverse samples from the US National Bone Marrow Program163, a 

reduced tagging sensitivity was observed in both Italians166 and a large panel from the US167 raising 

concerns for the utility of this tag in certain populations. More recently, SNP tags have been identified as 

part of the construction of large reference panels for HLA and SNP imputation 88,168-170. These tags have 

not yet been externally validated, nor tested for performance outside of the ethnicity of discovery.  

The inability of proposed SNP tags to function across different populations is a key barrier to the clinical 

relevance of this genotyping approach, mandating multiple tags for each allele to account for patient 

background171. Additionally, misclassification of patient background in a clinical context is not uncommon 

(~5%)172 and the use of genetic ancestry to guide the use of HLA biomarkers is a topic of debate173, further 

complicating validation and application of proposed tags. 

To identify tag SNPs that are appropriate for application in HLA-ADR stratification across all genetic 

backgrounds, I here evaluate both known and novel tag SNPs to identify tags with 100% sensitivity and 

>95% specificity for 15 ADR associated HLA alleles across a multi-ethnic dataset. 378 candidate SNPs were 

first identified using 5 large European and Asian HLA reference panels. These novel tags, along with a 

further 67 tag SNPs identified from previous literature, were validated in a panel of 955 ethnically diverse 

samples from the 1000 Genomes dataset. The resulting 45 validated tags for 8 ADR associated HLA alleles 

may be used as a reliable alternative to high resolution HLA-genotyping for the routine ADR screening of 

patients, without the need to account for a patient’s genetic background.   
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3.3 Methods 
 

Figure 3.1 provides an overview of the tag discovery and validation performed in the study. 5 datasets of 

SNPs and gold standard HLA typing from different ethnicities were analysed to discover novel tag SNPs 

with perfect sensitivity and high specificity. These novel SNPs, as well as tag SNPs reported in 5 previous 

studies, were evaluated in the 1000 Genomes dataset. A tag SNP was deemed to be ‘validated’ if it 

retained perfect sensitivity and greater than 95% specificity on this 1000 Genomes dataset. Tags were 

also evaluated based on their diagnostic predictive value and Cohen’s kappa coefficient. 

 

Figure 3.1: Overview of Study Design 
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Data Processing –  5 Discovery Datasets 

Data for the T1DGC (5,193 samples), KOR-REF (413 samples), HAN-MHC (10,689 samples) and HAN-HK 

(184 samples) panels was provided with HLA variant annotation and could be directly analysed using the 

discovery method outlined below (Data access information is detailed in the Chapter 3 Supplementary 

Methods).  

The PAN-Asian dataset (270 samples) was constructed by combining the Chinese, Indian and Malaysian 

datasets from the Singapore Genome Variation Project and annotating with the 15 HLA variants of interest 

from the provided HLA genotyping calls using PLINK (http://pngu.mgh.harvard.edu/purcell/plink )174. 

SNP rsIDs were annotated in the HAN-MHC dataset using IDs and positions extracted from the GRCh36 

assembly BioMart tool (http://may2009.archive.ensembl.org/biomart/martview). Imputed SNPs, not 

available on the Illumina Human610-Quad genotyping array, were removed from the HAN-HK dataset to 

reduce tagging bias from 1000 Genome based imputation. A summary of the final datasets is shown in 

Table 3.2. Standard quality control (QC) procedures had been previously performed on each dataset as 

part of their construction prior to public release, and further quality control was not considered necessary 

for this application.  

Data Processing – Validation Dataset 

Samples from the 1000 Genomes project were used to validate discovered tags due to the ethnic diversity 

of these populations and the high resolution of SNP annotation in the extended MHC region, 

encompassing most variants annotated in the discovery cohorts. HLA Genotyping information was 

available for samples from four of the 1000 Genomes combined “super-populations”; 171 African (AFR), 

193 Ad-Mixed American (AMR), 267 East Asian (EAS) and 324 European (EUR) samples, representing a 

total of 955 samples. Bi-allelic variant calls for these samples were extracted from the 1000 Genomes 

http://pngu.mgh.harvard.edu/purcell/plink
http://may2009.archive.ensembl.org/biomart/martview
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dataset and annotated with HLA genotyping calls for the 15 HLA alleles of interest. Resolution of HLA 

genotyping differed by both population subgroups and allele. For some samples resolution of genotyping 

was insufficient to exclude all other alleles (Supplementary Table 3.1). Of the potentially cross-reacting 

HLA alleles, none were annotated in the Common and Well-documented Alleles catalogue 

(http://igdawg.org/cwd.html) or observed in more than a single population in the Allele Frequency 

Database (http://www.allelefrequencies.net)12,72. Given this low incidence, resolution of genotyping was 

considered sufficient for assessment of tagging performance.  A summary of the final validation dataset 

is shown in Table 3.2. 

http://igdawg.org/cwd.html
http://www.allelefrequencies.net/
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Table 3.2: Datasets used in the Study for Discovery and Validation of SNP tags. 

 

PCR-SSOP: PCR amplification followed by hybridisation with sequence-specific immobilized oligonucleotide probes 

SBT: PCR amplification followed by Sanger sequencing based typing 

MHC Sequencing: Targeted Next-Generation Sequencing of the 5-Mb MHC region followed by HLA allele calling 

MHC SNPs:  Assayed SNPs provided with each discovery panel. The MHC region for the 1000 Genomes dataset is defined as 29-34 Mb 

on chr6 (hg17) 153 

 Discovery Validation 

Dataset T1DGC Pan-Asian KOR-REF HAN-MHC HAN-HK 1000 Genomes 

Samples 5,193 270 413 10,689 184 955 

Ethnicity Mixed European Mixed Asian Korean Han Chinese Han Chinese Diverse 

HLA Genotyping 
Method PCR-SSOP SBT SBT MHC sequencing SBT SBT 

Annotated HLA 
genes 

A, B, C, DRB1 A, B, C, DRB1 A, B, C, DRB1 A, B, C, DRB1 A, B A, B, C, DRB1 

SNP Genotyping 
Platform  

Illumina 
Immunochip 

HumanHap1M / 
Affymetrix SNP 
6.0 

Illumina 
HumanOmniExpress 

MHC sequencing 
Illumina 
Human610-Quad 

Whole 
Genome 
Sequencing 

MHC SNPs 5,698 10,047 5,858 17,299 2,495 168,849 

Reference 153 175 176 170 177 178,179 
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Tag SNP discovery 

In each dataset, PLINK was used to estimate R2 and D’ for pairs of each SNP and HLA genotype call. Pairs 

with a D’ < 1 were discarded, as these could not represent tags with 100% sensitivity. For the HAN-MHC 

dataset, an average HLA typing accuracy of 98% was observed with the variant calling pipeline 170. To 

accommodate for this known inaccuracy, a D’ < 0.98 threshold was instead used in this dataset (though 

100% sensitivity and >95% specificity was still required in validation). Pairs with a minor allele frequency 

(MAF) for the tagging variant less than the frequency of the target HLA allele were discarded, as these 

tags represented 100% specificity tags with imperfect sensitivity. Tagging specificity for the remaining calls 

was then estimated as:  

 𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 ≈ 1 −  
𝐴𝐹𝑆𝑁𝑃 − 𝐴𝐹𝐻𝐿𝐴 

1−𝐴𝐹𝐻𝐿𝐴
 

where 𝐴𝐹𝑆𝑁𝑃 is the MAF of the SNP and 𝐴𝐹𝐻𝐿𝐴 is the target HLA frequency.  

The working behind this tag SNP estimation method is shown in the Chapter 3 Supplementary Methods.  

SNPs with an observed sensitivity of 100% and specificity of > 95% for a given HLA allele were considered 

effective tagging variants, in line with previous assessment of tag clinical utility168.  

Reported Tag SNPs 

67 unique tagging SNPs for the 15 HLA alleles highlighted in this study were identified in 5 studies (Table 

3.3, Supplementary Table 3.2). Reported tags from the HAN-HK dataset were not included, as these were 

derived using imputation from the 1000 Genomes dataset177. Reported tags from the Pan-Asian dataset 

were not included, as this dataset was analysed for tag SNP discovery in this study on the combined Pan-

Asian dataset. Reported tagging SNPs from the HAN-MHC dataset were included, as the reported tagging 

variants were distinct from those identified in this dataset during tag discovery170. 
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Table 3.3: Reported Tagging SNPs for ADR associated alleles of interest 

Study Ethnicity HLA Alleles Reported Tags Reference 

de Bakker 2006 Diverse A, B, C, DRB1 37 127 

Tohkin 2013 Japanese A 6 88 

Maekawa 2015 Japanese A 3 169 

Liu 2015 Han Chinese B 10 168 

Zhou 2016 Han Chinese A, B, C, DRB1 11 170 

 

 

Tag Validation Method 

Performance of reported and discovered tag SNPs was assessed in the 1000 Genomes dataset, with 

validation requiring 100% sensitivity and >95% specificity. SNP tags which passed validation in this dataset 

were then reassessed separately for each of the 1000 Genomes ethnic super-populations (AFR, AMR, EAS 

and EUR). True positive (TP), true negative (TN), false positive (FP) and false negative (FN) haplotype 

counts for each analysis were estimated using population sample size and PLINK estimations of haplotype 

frequency. Sensitivity of tagging was calculated as TP/(TP+FN) and specificity of tagging calculated as 

TN/(FP+TN).  

Estimation of clinical performance of Tag SNPs 

 

Clinical characteristics of best performing tagging SNPs were assessed using the 1000 Genomes dataset. 

In contrast to tag validation, where the performance of tagging SNPs on estimated haplotype counts are 

assessed, statistics here were assessed using observed SNP and HLA genotypes, in line with the predicted 

clinical application of this approach168. Sensitivity and specificity of tagging were calculated as described 

above. Positive predictive value was calculated as TP/(TP+FP). Negative predictive value was calculated as 

TN/(TN+FN). Cohen's kappa coefficient180, a measure of agreement between tagging and gold-standard 

typing, was also calculated for each tagging variant.  
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Tag SNP availability of Genotyping Arrays 

Availability of SNPs on commercially available genotyping arrays was determined using the NIH LDlink tool 

(https://analysistools.nci.nih.gov/LDlink/ )181. 

Data Visualisation 

HLA allele frequency was visualised using GraphPad Prism for Windows (Version 7.02) (GraphPad Software 

Inc., La Jolla, CA, USA).  

Statistical analysis 

Statistical analyses of sensitivity, specificity, positive predictive and negative predictive values were 

performed using MedCalc for Windows, version 15.0 (MedCalc Software, Ostend, Belgium). Kappa 

values were calculated using GraphPad QuickCalcs (GraphPad Software Inc., La Jolla, CA, USA).   

https://analysistools.nci.nih.gov/LDlink/
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3.4 Results 
 

Frequency of ADR Associated Alleles in the Discovery and Validation Datasets 

Given the frequency of HLA alleles is known to vary across different ethnic populations, the frequency of 

relevant alleles was first assessed to determine whether tag SNPs were likely to be found in each dataset. 

HLA-A, HLA-C and HLA-DRB1 alleles of interest were observed in all datasets, with the exception of the 

HAN-HK dataset where only HLA-A and HLA-B were genotyped. HLA-B*15:11 was not observed in the 

T1DGC or Pan-Asian datasets, and HLA-B*59:01 was not observed in the T1DGC, Pan-Asian or HAN-HK 

datasets. The dataset frequency for the 15 alleles of interest is shown in Figure 3.2, with raw counts 

detailed in Supplementary Table 3.3. As some of these datasets have been constructed as part of large-

scale studies of disease, these frequencies may not be representative of true population frequency. 

Frequency of multiple HLA-B variants of interest were below 1% in multiple populations, suggesting that 

these variants may be difficult to tag using polymorphisms selected for inclusion on commercial 

genotyping platforms, which are designed to examine variants with a minor allele frequency >1%182. 
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Figure 3.2: Frequency of HLA target alleles in the 5 discovery populations and the 1000 Genomes 

validation population. Frequencies are only shown for alleles of interest, and as such do not add 

to 100%. 
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Discovery of Novel Tagging SNPs 

Given the large collection of HLA reference panels available in this study, novel tag SNPs within each of 

the 5 HLA reference panels were identified by evaluating each SNP and haplotype pair. A total of 378 

unique tagging SNPs with 100% sensitivity (98% in the HAN-MHC dataset) and >95% specificity were 

identified across the 5 discovery panels (Table 3.4). Tags were identified for 13/15 alleles of interest, with 

no tags identified for HLA-B*35:01 or HLA-B*59:01. These tags were pooled with 67 additional tags from 

previous reports (Supplementary Table 2), representing a total of 445 prospective tagging SNPs.  

Validation of Tagging SNPs 

To determine which of the 445 tag SNPs were suitable across ethnic background, the performance of each 

tag SNP was evaluated in the ethnically diverse 1000 Genomes datasets, used here as a validation cohort.  

Of the 445 tagging SNPs, 45 had 100% sensitivity and > 95% specificity when considering all individuals in 

the 1000 Genomes data, including 36 novel tagging variants (Table 3.4, Supplementary Table 3.4). These 

validated tag SNPs accounted for 8 of the 15 alleles of interest. Of the 67 previously reported tags, only 8 

of these variants validated in the combined ethnicity cohort (Supplementary Table 3.2). A further 19 were 

effective tags in the super-populations most closely aligned with the population in which this tag was 

reported, suggesting these may be effective tags for restricted use within these specific populations 

(Supplementary Table 3.4).  

Sensitivity and specificity of tagging from haplotype estimates for the best performing tags for each allele 

in the validation cohort are shown in Table 3.5. To clarify clinical utility, these tags were reassessed on 

the raw genotype calls to determine the predictive value of testing, and concordance of tagging with PCR 

genotyping (Table 3.6). 



Chapter 3 

 
 

68 
 

While a perfect sensitivity across all ethnic super-populations is guaranteed due to a 100% sensitivity in 

the combined populations, it is possible that a given tag may have reduced specificity in a particular ethnic 

super-population. To assess this, the performance of each of the top 8 tagging variants were reassessed 

separately in each super-population (Supplementary table 3.5). Except for tagging of HLA-B*15:02 with 

rs10484555 in the African super-population (sensitivity 94.7%), observed sensitivity across all populations 

was above 95%. 7 of 8 SNPs had been previously assayed on high-throughput SNP arrays, suggesting that 

these may be markers that are readily testable (Table 3.5).  
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HLA Allele 
Discovery 

Previously 
Reported 

Validation 
T1DGC Pan-Asian KOR-REF HAN-MHC* HAN-HK 

Total 
(Unique) 

A*31:01 1 14 2 1 4 20 7 2 

A*33:03 - 37 - 4 - 41 3 3 

B*13:01 - 2 13 5 3 22 3 4 

B*15:02 - - 1 - - 1 3 1 

B*15:11 - - - - 20 20 1 - 

B*35:01 - - - - - - 5 - 

B*38:02 - 3 2 1 1 6 2 - 

B*40:01 1 3 2 29 4 36 4 - 

B*57:01 - 11 15 2 44 68 4 2 

B*58:01 - 2 3 - - 5 18 - 

B*59:01 - - - - - - 1 - 

C*01:02 - 7 6 11 - 22 5 12 

C*03:02 - 18 15 67 - 91 4 12 

DRB1*01:01 3 17 10 16 - 42 4 9 

DRB1*07:01 - 4 - - - 4 3 - 

Total 5 118 69 136 76 378 67 45 

 

Table 3.4: Tags identified in this study, previously reported and validated in this study for 15 ADR associated HLA alleles. Discovery 

counts represent tagging variants with 100% sensitivity and >95% specificity identified in each dataset (*98% sensitivity in the HAN-

MHC dataset to accommodate inaccuracy in sequencing reads).  Reported counts are SNP proxies previously reported for each allele. 

Validation counts represent the number of SNP tags identified or reported that validate in the ethnically diverse 1000 Genomes 

population
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HLA Allele SNP TP TN FP FN R2 D’ 
Sensitivity 
(95% CI) 

Specificity 
(95% CI) 

Available 
on  

SNP 
Arrays 

Equivalent SNPs 
FDA 

biomarker? 

A*31:01 rs17179220 (A) 68 1834 8 0 0.891 1.000 
100% 

(94.7—
100) 

99.6% 
(99.2—99.8) 

Yes - Yes 

A*33:03 rs76748682 (T) 62 1847 1 0 0.984 1.000 
100% 

(94.2—
100) 

99.9% 
(99.7—100) 

Yes - No 

B*13:01 rs117901686 (G) 22 1884 4 0 0.844 1.000 
100% 

(84.6 –
100) 

99.8% 
(99.5—99.9) 

Yes - No 

B*15:02 rs10484555 (C) 12 1873 25 0 0.320 1.000 
100% 

(73.5—
100) 

98.7% 
(98.1—99.2) 

Yes - Yes 

B*57:01 rs58102217 (A) 45 1858 7 0 0.862 1.000 
100% 

(92.1—
100) 

99.6% 
(99.2-99.9) 

Yes - Yes 

C*01:02 rs9357121 (G) 143 1763 4 0 0.971 1.000 
100% 

(97.5-100) 
99.8% 

(99.4-100) 
Yes rs2074494 (T) No 

C*03:02 rs74703819 (T) 39 1870 1 0 0.974 1.000 
100% 

(91.0-100) 
99.9% 

(99.7-100) 
No - No 

DRB1 
*01:01 

rs12524496 (C) 128 1744 38 0 0.755 1.000 
100% 

(97.2-100) 
97.9% 

(97.1-98.5) 
Yes 

rs12525692(T)/ 
rs13193827(A) / 

 rs17202892 (A) / 
rs34200087 (A) / 
rs35458464 (G) 

No 

Table 3.5: Highest performing SNP tags in the validation cohort with 100% sensitivity and >95% specificity. Equivalent SNPs are tags 

that passed validation and are perfect proxies of the highest reported variant (R2 = 1). Availability of SNPs on commercially available 

genotyping arrays as determined by the NIH SNPchip tool (https://analysistools.nci.nih.gov/LDlink/?tab=snpchip). Tag SNPs for FDA biomarkers 

are highlighted, as these may have immediate clinical application.  

https://analysistools.nci.nih.gov/LDlink/?tab=snpchip
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HLA Allele SNP TP TN FP FN 
Sensitivity 
(95% CI) 

Specificity 
(95% CI) 

PPV 
(95% CI) 

NPV 
Kappa 

(95% CI) 

A*31:01 rs17179220 (A) 67 880 8 0 
100% 

(94.64-100%) 
99.10% 

(98.23-99.61%) 
89.33% 

(80.77-94.35%) 
100% 

0.939 
(0.897-0.981) 

A*33:03 rs76748682 (T) 60 894 1 0 
100% 

(94.04-100%) 
99.89% 

(99.38-100%) 
98.36% 

(89.43-99.77%) 
100% 

0.991 
(0.974-1.000) 

B*13:01 rs117901686 (G) 21 929 4 0 
100% 

(83.89%-100%) 
99.57% 

(83.89-100%) 
84.00% 

(66.38-93.32%) 
100% 

0.911 
(0.824-0.998) 

B*15:02 rs10484555 (C) 12 925 17 0 
100% 

(73.54-100%) 
98.20% 

(97.14-98.95%) 
41.38% 

(30.59-53.07%) 
100% 

0.578 
(0.398-0.758) 

B*57:01 rs58102217 (A) 45 902 7 0 
100% 

(92.13-100%) 
99.23% 

(98.42-99.66%) 
86.54% 

(75.45-93.08%) 
100% 

0.924 
(0.868-0.980) 

C*01:02 rs9357121 (G) 134 815 4 0 
100% 

(97.28-100%) 
99.51% 

(98.75-99.87%) 
97.10% 

(92.65-98.89%) 
100% 

0.983 
(0.966-1.000) 

C*03:02 rs74703819 (T) 39 913 1 0 
100% 

(90.17%-100%) 
99.89% 

(99.39-100%) 
97.50% 

(84.61%-99.64%) 
100% 

0.987 
(0.961-1.000) 

DRB1*01:01 rs12524496 (C) 121 799 35 0 
100% 

(97.00-100%) 
95.80% 

(94.21-97.06%) 
77.56% 

(71.43-82.70%) 
100% 

0.853 
(0.805-0.900) 

 

Table 3.6: clinical performance highest performing SNP tags. Expected performance of these tagging SNPs to selectively identify 

individuals carrying risk alleles using SNP genotype. Error for NPV values are not reported as these cannot be assessed when NPV = 

100%.  
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Discovery of tagging SNPs in the 1000 Genomes dataset 

For some alleles, tags with a higher sensitivity could be observed in the 1000 Genomes dataset with 

variants not annotated in the discovery datasets. As these tags were found in the validation cohort, they 

cannot be validated in this work. However, they may be viable tags for assessment in future validation 

studies. The highest specificity tag with perfect sensitivity for each allele in the 1000 Genomes datasets is 

shown in Table 3.7 and predicted clinical performance in Table 3.8. While some tags fall below a 95% 

sensitivity threshold, these may still be useful for pre-screening samples prior to conventional genotyping.
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HLA Allele SNP TP TN FP FN R2 D’ 
Sensitivity 
(95% CI) 

Specificity 
(95% CI) 

Equivalent SNPs 

A*31:01 rs17179220 (A) 68 1834 8 0 0.891 1.000 100.0% 99.6% - 

A*33:03 rs76748682 (T) 62 1847 1 0 0.984 1.000 100.0% 99.9% - 

B*13:01 rs140019442 (C) 22 1888 0 0 1.000 1.000 100.0% 100.0% 
rs144710537, rs146509511, 
rs148268012, rs150312141, 
rs184278614, rs190220726 

B*15:02 rs140855588 (G) 12 1898 0 0 1.000 1.000 100.0% 100.0% 

rs144012689, rs149481627, 
rs151107659, rs183151869, 
rs185615899, rs186302377, 
rs190335533, rs371096447 

B*15:11 rs181596323 (C) 2 1908 0 0 1.000 1.000 100.0% 100.0% 
rs546028156, rs546285762, 
rs542305603, rs565030823 

B*35:01 rs1055348 (G) 126 1601 183 0 0.366 1.000 100.0% 89.7% - 

B*38:02 rs41549217 (T) 8 1820 82 0 0.085 1.000 100.0% 95.7% 
rs144710537, rs146509511, 
rs148268012, rs150312141, 
rs184278614, rs190220726 

B*40:01 rs3094589 (T) 113 1532 265 0 0.255 1.000 100.0% 85.3% - 

B*57:01 rs114170382 (A) 45 1865 0 0 1.000 1.000 100.0% 100.0% rs115986568 

B*58:01 rs2394986 (T) 58 1574 278 0 0.147 1.000 100.0% 85.0% rs7749442 

B*59:01 rs142755852 (T) 5 1903 2 0 0.714 1.000 100.0% 99.9% - 

C*01:02 rs1050276 (T) 143 1763 4 0 0.971 1.000 100.0% 99.8% 
rs41544614, rs281860336, 

rs29029490, rs2074494, 
rs9357121 

C*03:02 rs139056196 (T) 39 1870 1 0 0.974 1.000 100.0% 99.9% 
rs189829501, rs74703819, 
rs76007896, rs78111134, 
rs78489254, rs78595379 

DRB1*01:01 rs113147503 (T) 128 1775 7 0 0.944 1.000 100.0% 99.6% 
rs536971557, rs561870033, 

rs72850215 

DRB1*07:01 rs28383172 (G) 163 1744 3 0 0.980 1.000 100.0% 99.8% - 

Table 3.7: Highest Specificity Tags with 100% sensitivity in the 1000 Genomes Dataset 
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HLA Allele SNP TP TN FP FN 
Sensitivity 

(95% CI) 
Specificity 
(95% CI) 

PPV 
(95% CI) 

NPV 
Kappa 

(95% CI) 

A*31:01 rs17179220 (A) 67 880 8 0 
100% 

(94.64-100%) 
99.10% 

(98.23-99.61%) 
89.33% 

(80.77-94.35%) 
100% 

0.939 
(0.897-0.981) 

A*33:03 rs76748682 (T) 60 894 1 0 
100% 

(94.04-100%) 
99.89% 

(99.38-100%) 
98.36% 

(89.43-99.77%) 
100% 

0.991 
(0.974-1.000) 

B*13:01 rs140019442 (C) 21 933 0 0 
100% 

(83.89-100%) 
100% 

(99.61-100%) 
100% 100% 1.00 

B*15:02 rs140855588 (G) 12 942 0 
0 100% 

(73.54-100%) 
100% 

(99.61.100%) 
100% 100% 1.00 

B*15:11 rs181596323 (C) 2 952 0 
0 100% 

(15.81-100%) 
100% 

(99.61-100%) 
100% 100% 1.00 

B*35:01 rs1055348 (G) 120 669 165 0 
100% 

(96.97-100%) 
80.22% 

(77.35-82.87%) 
42.11% 

(38.81-45.47%) 
100% 

0.505 
(0.445-0.565) 

B*38:02 rs41549217 (T) 8 868 74 0 
100% 

(63.06-100%) 
92.14% 

(90.24-93.78%) 
9.76% 

(7.99-11.86%) 
100% 

0.165 
(0.064-0.265) 

B*40:01 rs3094589 (T) 101 638 215 0 
100% 

(96.41-100%) 
74.79% 

(71.74-77.68%) 
31.96% 

(29.50-34.53%) 
100% 

0.386 
(0.329-0.443) 

B*57:01 rs114170382 (A) 45 909 0 0 
100% 

(92.13-100%) 
100% 

(99.60-100%) 
100% 100% 1.00 

B*58:01 rs2394986 (T) 57 649 248 0 
100% 

(93.73-100%) 
72.35% 

(69.30-75.26%) 
18.69% 

(17.13-20.35%) 
100% 

0.238 
(0.185-0.291) 

B*59:01 rs142755852 (T) 5 947 2 0 
100% 

(74.82-100%) 
99.79% 

(99.24-99.97%) 
71.43% 

(38.50-90.89%) 
100% 

0.832 
(0.603-1.000) 

C*01:02 rs1050276 (T) 134 815 4 0 
100% 

(97.28-100%) 
99.51% 

(98.75-99.87%) 
97.10% 

(92.65-98.89%) 
100% 

0.983 
(0.966-1.000) 

C*03:02 rs139056196 (T) 39 913 1 0 
100% 

(90.17%-100%) 
99.89% 

(99.39-100%) 
97.50% 

(84.61%-99.64%) 
100% 

0.987 
(0.961-1.000) 

DRB1*01:01 rs113147503 (T) 121 828 6 0 
100% 

(97.00-100%) 
99.28% 

(98.44-99.74%) 
95.28% 

(90.09-97.81%) 
100% 

0.972 
(0.950-0.994) 

DRB1*07:01 rs28383172 (G) 150 804 1 0 
100% 

(97.57-100%) 
99.88% 

(99.31-100%) 
99.34% 

(95.49-99.91%) 
100% 

0.996 
(0.988-1.000) 

Table 3.8: clinical performance of highest performing SNP tags with 100% sensitivity in the 1000 Genomes Dataset 
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3.5 Discussion 
 

Stratification of treatment using HLA biomarkers can reduce the occurrence of ADRs in clinical 

practice. Application of this approach has been limited due to the cost-burden of conventional HLA 

genotyping technologies. SNP genotyping, based on strong LD with HLA genotype, can improve the 

cost-effectiveness of patient screening. The inconsistency of previously reported SNP tags across 

multiple ethnic populations is a key barrier to the clinical relevance of this genotyping approach163,166.  

This analysis demonstrates it is possible to identify tagging SNPs which function across multiple 

ethnicities. Using 5 large HLA reference panels to discover novel tag SNPs, and 67 previously reported 

tag SNPs, 45 tag SNPs were identified that can act as perfect sensitivity, high specificity (>95%) proxies 

for HLA genotyping across African, Ad Mixed American, East Asian and European populations from the 

1000 Genomes dataset, including tags for 3 of the 4 HLA alleles annotated as pharmacogenomic 

biomarkers by the FDA. This is the most extensive cross-ethnicity validation of HLA tagging SNP 

function to date, and sets the standard for how prospective tagging SNPs should be validated in future 

studies. 

Availability of the HLA tags SNPs reported here will allow for confident screening of HLA risk alleles in 

situations where existing technologies are not cost-effective, and unlike existing tags, in populations 

where tagging has not previously been assessed. The 95% specificity threshold applied here has been 

previously considered as sufficient for clinical utility of tagging SNPs168,  however in situations where 

this specificity is insufficient, the 100% sensitivity of the reported variants may instead be used to 

confidently predict a reduced ADR risk for most negative individuals (> 90%) prior to gold-standard 

typing, reducing the overall cost of population screening. Due to the high sensitivity of tagging, the 

SNPs reported here may be integrated, or if already present, better interpreted, as part of SNP 

genotyping and sequencing panels for additional prognostic value within the established testing 

infrastructure at no additional expense.  



Chapter 3 

 
 

76 
 

Identification of tag SNPs using the 1000 Genomes datasets demonstrates the potential of reference 

panels genotyped from whole genome sequencing for the identification of tagging SNPs for rare HLA 

variants. The high resolution of annotation (~169 000 variants across the extended MHC region), 

enabled identification of a set of 100% sensitivity SNP tags for each ADR associated allele, despite the 

small sample size (955 samples). These tags cannot be validated here. However, as high throughput 

sequencing datasets with matched HLA haplotype data become more widely available, the quality of 

these tags, and others generated from sequencing data may be better evaluated. A limitation of this 

approach is the possibility that conventional SNP genotyping hybridisation approaches may not be 

able to recapture variant calls extracted from whole genome sequencing due to genomic context 

restrictions, impacting clinical implementation.  

Given the cost burden of additional clinical consultation required to implement HLA genotyping 

results, rapid HLA testing can improve the cost-effectiveness of HLA based patient stratification74. 

Recently reported point-of-care genetic testing can perform SNP genotyping, in ~1 hour126. In 

combination with the cross-ethnicity HLA tagging SNPs reported in this work, these tools provide a 

pathway towards immediate and cost-effective HLA genotyping to aid clinical decision making.  

The success of HLA imputation systems, predicting HLA genotype from a panel of MHC SNPs, suggests 

that a combination of multiple tagging SNPs may further improve the specificity of the tag SNP 

approach150. As the use of multiple tagging SNPs, mandating multiple testing reactions, reduces the 

advantage of SNP tagging over established PCR-SSP approaches, this study has focussed on single SNP 

tags, which allow for higher throughput testing and more rapid translation to the point-of-care. As 

point-of-care tools grow more robust, the use of multiple SNP tags may be reassessed using the 

framework described in this work.   
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3.6 Conclusion 
 

This study reports tag SNPs for 8 ADR associated HLA alleles which have perfect sensitivity, high 

specificity and validate across a diverse set of ethnic cohorts. Use of these tag SNPs may represent a 

cost-effective alternative to existing HLA genotyping methods. The framework used should be 

considered as the minimum standard for reporting of tag SNPs in the future, given the high 

importance of cross-ethnicity performance of tagging variants. Confident and simple tagging of risk 

variants, without the need to account for patient ethnicity, has potential to improve the application 

of HLA biomarkers for the stratification of patient treatment and reduce ADR incidence.    
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3.7 Supplementary Methods 
 

Supplementary Methods - Data Access 

Data for the Type 1 Diabetes Genetics Consortium Reference Panel (T1DGC) was accessed from: 

 https://www.niddkrepository.org/studies/t1dgc-special 

Data for the Pan-Asian Reference Panel (Pan-Asian) was accessed from: 

 http://phg.nus.edu.sg/StatGen/public_html/SGVP/downloads/genotypes-hla.zip 

 Data for the Korean Reference Panel (KOR-REF) was accessed from: 

 https://doi.org/10.1371/journal.pone.0112546.s002 

Data for the Han MHC Reference Panel (HAN-MHC) was accessed from: 

 http://gigadb.org/dataset/100156  

Data for the HAN-HK Reference Panel (HAN-HK) was accessed from: 

http://epilepsy:V5xUjJ12@grass.cgs.hku.hk/cgs/chernys/epilepsy/HLApanel 

SNP calls for the 1000 Genomes dataset in the MHC region (Chromosome 6:29000000-34000000) was 

accessed using the Ensembl GRCh37 Data Slicer tool: 

http://grch37.ensembl.org/Homo_sapiens/Tools/DataSlicer   

HLA genotype information for the 1000 Genomes dataset were accessed from: 

 http://www.internationalgenome.org/category/hla/ 

 HLA-A, HLA-B, HLA-C, and HLA-DRB1 genotype information was available for four of the 1000 

Genomes Superpopulations; 171 African (AFR), 193 Ad Mixed American (AMR), 267 East Asian (EAS) 

and 324 European (EUR) samples, representing a total of 955 samples. 

 

 

https://www.niddkrepository.org/studies/t1dgc-special
http://phg.nus.edu.sg/StatGen/public_html/SGVP/downloads/genotypes-hla.zip
https://doi.org/10.1371/journal.pone.0112546.s002
http://gigadb.org/dataset/100156
http://epilepsy:V5xUjJ12@grass.cgs.hku.hk/cgs/chernys/epilepsy/HLApanel
http://grch37.ensembl.org/Homo_sapiens/Tools/DataSlicer
http://www.internationalgenome.org/category/hla/
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Supplementary Methods – Tagging Methodology 

High throughput assessment of HLA tagging variants is reliant on the identification from linkage 

summary statistics. Two main approaches have been previously applied for the discovery of effective 

tagging variants, without the restrictions on sensitivity and specificity applied by this study.   

1) Assessment of the square of the correlation of frequencies, R2, between the target allele and 

each SNP in the dataset or within a set distance of the target loci (e.g. 170) 

2) Assessment of the square of the correlation of frequencies, R2, and of the normalised coefficient 

of linkage disequilibrium, D’, between the target allele and each SNP in the dataset or within a 

set distance of the target allele. (e.g. 127) 

Both of these approaches will effectively resolve perfect tagging variants (R2 = 1. D’ = 1, sensitivity = 

100%, specificity = 100%), however given the complexity of the HLA region, reported tags are rarely 

perfect, particularly when assessed in a broad ethnic population. The following analysis will assess the 

performance of each of these metrics to effectively characterise clinical useful HLA tags with a 

sensitivity of 100% and specificity of > 0.95% and demonstrate how additional summary statistics may 

be used to better discriminate clinically appropriate tagging variants.  
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Estimation of Sample Counts for assessment of tagging methods 

Genotype frequency for an HLA allele and tag in linkage disequilibrium may be estimated given 

frequency of a target HLA allele (p), the frequencies of all other HLA variants (q), the sensitivity of 

tagging (r) and the specificity of tagging (s) through perturbation of Hardy Weinberg Equilibrium: 

 
HLA+/HLA+ HLA+/HLA- HLA-/HLA- 

Tag+/Tag+  p2 r2 2pqr(1-s) q2 (1-s)2 

Tag+/Tag- 2p2 r (1-r) 
2pqrs +                    

2pq(1-r)(1-s) 
2q2 s(1-s) 

Tag-/Tag- p2(1-r)2 2pqs(1-r) q2 s2 

HWE p2 2pq q2  

 

Frequency of each Tag-HLA haplotype can then be estimated from population frequencies as follows: 

HLA+/Tag+ = p2 r2 + p2 r (1-r) + pqr(1-s) + pqrs + pq(1-r)(1-s) 

HLA+/Tag- = p2 r (1-r) + p2(1-r)2 + pqs(1-r) 

HLA-/Tag+ = q2 s(1-s) + q2 (1-s)2 + pqr(1-s) 

HLA-/Tag- = q2 s2 + q2 s(1-s) + pqs(1-r) + pqrs + pq(1-r)(1-s) 

While this method overestimates the HLA+/Tag+ and HLA-/Tag- haplotype frequency it is the most 

effective analysis that can be performed on non-phased genotype data.  
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Tagging Assessment Method 1: R2  

An R2 > 0.8 is typically considered to represent a strong association between an HLA allele and tag 127. 

However, due to the low population frequency of specific HLA alleles (<1%) this threshold can be 

ineffective for the identification of tagging variants with high sensitivity but imperfect specificity.  

Using the frequency estimation outlined above, the effect of reduced sensitivity or specificity on R2 

may be estimated for a population with a given target allele frequency (Figure S3.1). Due to the low 

frequency of the target allele reduced sensitivity and specificity have a dramatically different impact 

on R2.  When the sensitivity of a given tag is 100% a ~1 – 3% reduction in specificity is sufficient to 

reduce R2 below 0.8 (Figure S3.1A). In contrast, given a tag with 100% specificity a ~ 20% reduction in 

sensitivity is necessary to reduce R2 below 0.8 (Figure S3.1B).  

Given this discrepancy any search approach solely reliant on R2 for tagging will rank tags with excellent 

specificity over those with high sensitivity, even with a specificity above 95%. While maximising 

correlation of frequencies may be an effective approach for the identification of disease associated 

markers, tags with a “low” R2 may be more appropriate for exclusionary genotyping of HLA alleles. 

Figure S3.1C estimates the lower bound of R2 for tags with 100% sensitivity and 95% specificity given 

a range of population frequencies. Given this relationship, when identifying tags for HLA variants with 

a population frequency of 1%, an R2 as low as 0.16 may still represent a clinically useful marker.  
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Figure S3.1 – Assessment of R2 as the sole metric for identification of HLA tagging Variants (Method 1)
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Tagging Assessment Method 2: R2 and D’ 

The normalised coefficient of linkage disequilibrium, D’, allows for the assessment of probability of 

recombination between two markers. When assessing tags with a specificity < 100%, D’ is a close proxy 

of tag sensitivity, regardless of specificity (Figure S3.2A). As such, a tag with a high D’ even if R2 is lower 

is more likely to be an effective tag for genotypic exclusion: 

 
F(HLA+) Sensitivity Specificity R2 D’ 

Tag 1 0.01 99.9% 99.9% 0.908 0.999 

Tag 2 0.01 99.9% 95.0% 0.159 0.999 

Tag 3 0.01 95.0% 99.9% 0.859 0.950 

 

One caveat to the use of D’ is a tendency of the metric to fluctuate upwards (trend towards 1) when 

examining rare alleles183. Thus, a “ceiling effect” is observed in any scenario where specificity or 

sensitivity is 100%. In such scenarios, modulation of the other parameter does not impact D’, which is 

fixed at 1 (Figure S3.2B-C).  

As such, the ranking tags with perfect specificity over those with high sensitivity remains true even 

when using both metrics: 

 
F(HLA+) Sensitivity Specificity R2 D’ 

Tag 1 0.01 99.0% 100% 0.990 1.000 

Tag 2 0.01 100% 99.0% 0.497 1.000 
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Figure S3.2 – Assessment of R2 and D’ as a metric for identification of HLA tagging Variants (Method 2).  
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Correction of Tagging Assessment Method 2 using Allele Frequency  

As a SNP/HLA pair with a D’ = 1 must have either a sensitivity or specificity of tagging (or both) of 100% 

irrespective of variant frequency (Figure S3.2B-C), a SNP/HLA pair with a D’ < 1 cannot be a 100% 

sensitive tag, and may be discarded. To distinguish between a 100% sensitive tag and a 100% specific 

tag the allele frequencies of both the tagging SNP allele  (𝐴𝐹𝑆𝑁𝑃) and HLA allele (𝐴𝐹𝐻𝐿𝐴)  may be 

used.  

If 𝐴𝐹𝐻𝐿𝐴 > 𝐴𝐹𝑆𝑁𝑃 then it is not possible for this tagging variant to be 100% sensitive (as the tag is less 

common in the population than the HLA allele) and must be 100% specific.  

If 𝐴𝐹𝐻𝐿𝐴 < 𝐴𝐹𝑆𝑁𝑃 then it is not possible for this tagging variant to be 100% specific (as the tag is more 

common in the population than the HLA allele) and must be 100% sensitive.  

So here, SNPs with a MAF < HLA variants are discarded to identify 100% sensitive tags. 

To estimate tagging specificity the frequency of false positives may be estimated by subtracting 𝐴𝐹𝐻𝐿𝐴 

from 𝐴𝐹𝑆𝑁𝑃  and dividing by the frequency of all HLA negative samples (1 − 𝐴𝐹𝐻𝐿𝐴) This may be 

adjusted to specificity by subtracting this value from 1, returning the final equation: 

𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 ≈ 1 −  
𝐴𝐹𝑆𝑁𝑃  −  𝐴𝐹𝐻𝐿𝐴 

1 − 𝐴𝐹𝐻𝐿𝐴
 

Using this method, it is possible to identify 100% sensitivity tags and characterise sensitivity of tagging 

using only easily calculated disequilibrium statistics R’, D’ and variant frequencies.  
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3.8 Supplementary Tables  

 
Supplementary Table 3.1: Resolution of HLA genotyping in the 1000 Genomes dataset 

HLA Allele Resolution 1 Resolution 2 
Allele Frequency of cross 
reacting alleles (Allele 
Frequency Database) 

A*31:01 31:01 31:01/31:14N/31:23 
A*31:14N and A*31:23 not 
observed 

A*33:03 33:03 33:03/33:15/33:25 

A*33:25 observed at allele 
frequency 0.0005 
(South Korean pop 10) 

B*13:01 13:01 - - 

B*15:02 15:02 - - 

B*15:11 15:11 - - 

B*35:01 35:01 35:01/35:40N/35:42/35:57/35:94 

B*35:40N observed at allele 
frequency 0.0021 
(Mexico City Mestizo pop 2) 
B*35:42 observed at allele 
frequency 0.0150 
(China Sichuan HIV negative) 
B*35:57 observed at allele 
frequency 0.0078 
(Netherlands UMCU) 
B*35:92 not observed 

B*38:02 38:02 38:02/38:18 B*38:18 not observed 

B*40:01 40:01 40:01/40:55 B*40:55 not observed 

B*57:01 57:01 - - 

B*58:01 58:01 58:01/58:11 B*58:11 not observed 

B*59:01 59:01 - - 

C*01:02 01:02 01:02/01:25 C*01:25 not observed 

C*03:02 03:02 - - 

DRB1*01:01 01:01 - - 

DRB1*07:01 07:01 - - 
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Supplementary Table 3.2. 

Performance of Previously Reported Tags for ADR Associated HLA Alleles 

Discovery Study 
1000 Genomes 

Validation 

Study Ethnicity HLA Allele Tag 
Target 

ethnicity 
Combined 

Cohort 

de Bakker (2006) 
YRI 

AFR A*33:03 rs2743941, rs2523945 ✘ ✘ 

AFR B*35:01 
rs2249876, rs1058026, 
rs2844498 

✘ ✘ 

AFR B*58:01 
rs1058026, rs2523608, 
rs2596439 ✘ ✘ 

AFR C*01:02 rs4122190 ✘ ✘ 

AFR C*03:02 rs2074488 ✔ ✘ 

AFR DRB1*01:01 rs439844, rs3135391 ✘ ✘ 

de Bakker (2006) 
CEU 

EUR A*31:01 rs1061235 ✔ ✘ 

EUR B*35:01 
rs2532934, rs3905495, 
rs2523685 ✘ ✘ 

EUR B*40:01 rs4711240, rs1265110 ✘ ✘ 

EUR B*57:01 rs2395029 ✔ ✘ 

EUR B*58:01 rs3130660, rs1063635 ✘ ✘ 

EUR C*01:02 rs9380234 ✔ ✔ 

EUR DRB1*01:01 rs4947332, rs6457614 ✘ ✘ 

EUR DRB1*07:01 
rs7745002, rs2647087, 
rs241398 

✘ ✘ 

de Bakker (2006) 
CHB 

EAS A*31:01 rs3823318, rs1061235 ✘ ✘ 

EAS B*13:01 rs707913, rs2844586 ✘ ✘ 

EAS B*15:02 rs3909184, rs2844682 ✘ ✘ 

EAS B*15:11 rs2074491 ✘ ✘ 

EAS B*35:01 rs1264307, rs3128982 ✘ ✘ 

EAS B*38:02 rs2844725, rs3828875 ✘ ✘ 

EAS B*40:01 rs2844580, rs2523694 ✘ ✘ 

EAS B*57:01 rs3093726 ✔ ✘ 

EAS B*58:01 rs3134792, rs4713518 ✔ ✘ 

EAS B*59:01 rs3094188, rs1063632 ✘ ✘ 

EAS C*01:02 rs3834326, rs4122190 ✘ ✘ 

EAS C*03:02 rs1265155, rs4713438 ✘ ✘ 

EAS DRB1*07:01 rs3129859, rs2395177 ✘ ✘ 

de Bakker (2006) 
JPT 

EAS A*31:01 rs1061235, rs1150739 ✘ ✘ 

EAS A*33:03 rs2524005, rs1150739 ✘ ✘ 

EAS B*13:01 rs1264513, rs2844573 ✘ ✘ 

EAS B*35:01 rs2596501, rs2844521 ✘ ✘ 
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EAS B*40:01 rs2523567 ✔ ✘ 

EAS B*58:01 rs546626089 ✔ ✘ 

EAS C*01:02 
rs1264459, rs2535294, 
rs2524227 

✘ ✘ 

EAS C*03:02 rs7744914 ✘ ✘ 

EAS DRB1*01:01 rs13209234, rs17587 ✘ ✘ 

EAS DRB1*07:01 rs3134942 ✘ ✘ 

Tohkin (2013) 

EAS B*58:01 rs3099844 ✘ ✘ 

EAS B*58:01 rs3131643 ✘ ✘ 

EAS B*58:01 rs2734583 ✘ ✘ 

EAS B*58:01 rs9267445 ✘ ✘ 

EAS B*58:01 rs9263726 ✔ ✘ 

EAS B*58:01 rs1634776 ✔ ✘ 

Maekawa (2015) 

EAS A*31:01 rs1150738 ✘ ✘ 

EAS A*31:01 rs3869066 ✘ ✘ 

EAS A*31:01 rs259945 ✘ ✘ 

Liu (2015) 

EAS B*15:02 rs10484555 ✔ ✔ 

EAS B*15:02 rs3130690 ✘ ✘ 

EAS B*57:01 rs2395029 ✔ ✘ 

EAS B*58:01 rs9262570 ✔ ✘ 

EAS B*58:01 rs6928038 ✔ ✘ 

EAS B*58:01 rs9262556 ✔ ✘ 

EAS B*58:01 rs9262557 ✔ ✘ 

EAS B*58:01 rs9262558 ✔ ✘ 

EAS B*58:01 rs9262559 ✔ ✘ 

EAS B*58:01 rs9262560 ✔ ✘ 

Zhou (2016) 

EAS A*31:01 rs17179220 ✔ ✔ 

EAS A*33:03 rs76748682 ✔ ✔ 

EAS B*13:01 rs117901686 ✔ ✔ 

EAS B*35:01 rs41558819 ✘ ✘ 

EAS B*38:02 rs147748716 ✘ ✘ 

EAS B*40:01 rs151341076 ✘ ✘ 

EAS B*57:01 rs41557415 ✔ ✔ 

EAS B*58:01 rs75412754 ✔ ✘ 

EAS C*01:02 rs2074494 ✔ ✔ 

EAS C*03:02 rs74703819 ✔ ✔ 

EAS DRB1*01:01 rs4343959 ✔ ✘ 
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Supplementary Table 3.3: Representation of target alleles in study datasets 

HLA Allele T1DGC Pan-Asian KOR-REF HAN-MHC HAN-HK 
1000 

Genomes 

A*31:01 216 4 38 775 7 68 

A*33:03 194 62 136 1717 39 62 

B*13:01 23 22 11 910 21 22 

B*15:02 32 46 3 534 34 12 

B*15:11 - - 14 438 1 2 

B*35:01 483 14 67 570 12 126 

B*38:02 44 17 10 408 20 8 

B*40:01 546 49 33 2051 59 113 

B*57:01 179 15 3 284 2 45 

B*58:01 221 39 59 1047 39 58 

B*59:01 - - 22 23 - 4 

C*01:02 338 43 136 3014 - 143 

C*03:02 174 38 64 1109 - 39 

DRB1*01:01 681 11 54 465 - 128 

DRB1*07:01 836 42 59 1955 - 163 

Total Haplotypes 10,450 536 828 21,378 368 1,910 
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Supplementary Table 3.4: Performance of 45 Discovered/Reported Tag SNPs in the 1000 

Genomes dataset with 100% sensitivity and >95% specificity   

HLA allele SNP TP TN FP FN Sensitivity Specificity D’ R2 Reported 

A*31:01 rs17179220 (A) 68 1834 8 0 100.0% 99.6% 1.000 0.891 170 

A*31:01 rs7760172 (C) 68 1767 75 0 100.0% 95.9% 1.000 0.456 77 

A*33:03 rs76748682 (T) 62 1847 1 0 100.0% 99.9% 1.000 0.984 170 

A*33:03 rs12665039 (C) 62 1772 76 0 100.0% 95.9% 1.000 0.431 No 

A*33:03 rs17179957 (A) 62 1765 83 0 100.0% 95.5% 1.000 0.408 No 

B*13:01 rs117901686 (G) 22 1884 4 0 100.0% 99.8% 1.000 0.844 170 

B*13:01 rs36222990 (T) 22 1881 7 0 100.0% 99.6% 1.000 0.756 No 

B*13:01 rs4713463 (G) 22 1856 32 0 100.0% 98.3% 1.000 0.401 No 

B*13:01 rs17206680 (T) 22 1845 43 0 100.0% 97.7% 1.000 0.331 No 

B*15:02 rs10484555 (C) 12 1873 25 0 100.0% 98.7% 1.000 0.320 168 

B*57:01 rs58102217 (A) 45 1858 7 0 100.0% 99.6% 1.000 0.862 No 

B*57:01 rs41557415 (G) 45 1851 14 0 100.0% 99.2% 1.000 0.757 170 

C*01:02 rs2074494 (T) 143 1763 4 0 100.0% 99.8% 1.000 0.971 170 

C*01:02 rs9357121 (G) 143 1763 4 0 100.0% 99.8% 1.000 0.971 No 

C*01:02 rs9380234 (A) 143 1762 5 0 100.0% 99.7% 1.000 0.963 127 

C*01:02 rs9391714 (A) 143 1762 5 0 100.0% 99.7% 1.000 0.963 No 

C*01:02 rs9357123 (A) 143 1706 61 0 100.0% 96.5% 1.000 0.677 No 

C*01:02 rs10947169 (C) 143 1681 86 0 100.0% 95.1% 1.000 0.594 No 

C*01:02 rs17198727 (T) 143 1681 86 0 100.0% 95.1% 1.000 0.594 No 

C*01:02 rs386622031 (C) 143 1681 86 0 100.0% 95.1% 1.000 0.594 No 

C*01:02 rs3873381 (G) 143 1681 86 0 100.0% 95.1% 1.000 0.594 No 

C*01:02 rs555968073 (G) 143 1681 86 0 100.0% 95.1% 1.000 0.594 No 

C*01:02 rs9357122 (C) 143 1681 86 0 100.0% 95.1% 1.000 0.594 No 

C*01:02 rs9348863 (C) 143 1680 87 0 100.0% 95.1% 1.000 0.591 No 

C*03:02 rs74703819 (T) 39 1870 1 0 100.0% 99.9% 1.000 0.974 170 

C*03:02 rs2507998 (G) 39 1793 78 0 100.0% 95.8% 1.000 0.319 No 

C*03:02 rs2923007 (C) 39 1793 78 0 100.0% 95.8% 1.000 0.319 No 

C*03:02 rs3016017 (G) 39 1793 78 0 100.0% 95.8% 1.000 0.319 No 

C*03:02 rs9265971 (C) 39 1793 78 0 100.0% 95.8% 1.000 0.319 No 

C*03:02 rs9265972 (C) 39 1793 78 0 100.0% 95.8% 1.000 0.319 No 

C*03:02 rs9265974 (G) 39 1793 78 0 100.0% 95.8% 1.000 0.319 No 

C*03:02 rs9265976 (G) 39 1793 78 0 100.0% 95.8% 1.000 0.319 No 

C*03:02 rs9265979 (T) 39 1793 78 0 100.0% 95.8% 1.000 0.319 No 

C*03:02 rs9265982 (T) 39 1793 78 0 100.0% 95.8% 1.000 0.319 No 

C*03:02 rs9265985 (C) 39 1793 78 0 100.0% 95.8% 1.000 0.319 No 

C*03:02 rs9265998 (A) 39 1793 78 0 100.0% 95.8% 1.000 0.319 No 

DRB1*01:01 rs12524496 (C) 128 1744 38 0 100.0% 97.9% 1.000 0.755 No 

DRB1*01:01 rs12525692 (T) 128 1744 38 0 100.0% 97.9% 1.000 0.755 No 

DRB1*01:01 rs13193827 (A) 128 1744 38 0 100.0% 97.9% 1.000 0.755 No 

DRB1*01:01 rs17202892 (A) 128 1744 38 0 100.0% 97.9% 1.000 0.755 No 

DRB1*01:01 rs34200087 (A) 128 1744 38 0 100.0% 97.9% 1.000 0.755 No 

DRB1*01:01 rs35458464 (G) 128 1744 38 0 100.0% 97.9% 1.000 0.755 No 

DRB1*01:01 rs17533167 (C) 128 1742 40 0 100.0% 97.8% 1.000 0.745 No 

DRB1*01:01 rs386587412 (A) 128 1742 40 0 100.0% 97.8% 1.000 0.745 No 

DRB1*01:01 rs28605404 (G) 128 1741 41 0 100.0% 97.7% 1.000 0.740 No 
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Supplementary Table 3.5: Sensitivity and Specificity of Tagging in each 1000 Genomes Super-Population. Perfect tagging sensitivity is observed 

across all populations in which that allele is present.   

 
 AFR AMR EAS EUR 

HLA Allele SNP 
Sensitivity 

(95% CI) 
Specificity 
(95% CI) 

Sensitivity 
(95% CI) 

Specificity 
(95% CI) 

Sensitivity 
(95% CI) 

Specificity 
(95% CI) 

Sensitivity 
(95% CI) 

Specificity 
(95% CI) 

A*31:01 rs17179220 (A) 100.0% 100.0% 100.0% 97.8% 100.0% 100.0% 100.0% 100.0% 

A*33:03 rs76748682 (T) 100.0% 99.7% 100.0% 100% 100.0% 100.0% 100.0% 100.0% 

B*13:01 rs117901686 (G) N/A 98.8% N/A 100% 100.0% 100.0% N/A 100.0% 

B*15:02 rs10484555 (C) N/A 93.7% N/A 99.7% 100.0% 99.0% N/A 99.8% 

B*57:01 rs58102217 (A) N/A 98.5% 100.0% 99.7% 100.0% 100.0% 100.0% 99.8% 

C*01:02 rs9357121 (G) 100.0% 100.0% 100.0% 100% 100.0% 99.1% 100.0% 100.0% 

C*03:02 rs74703819 (T) 100.0% 100.0% 100.0% 100% 100.0% 99.8% 100.0% 100.0% 

DRB1*01:01 rs12524496 (C) 100.0% 96.7% 100.0% 97.2% 100.0% 98.5% 100.0% 98.4% 
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4.1 Abstract 
 

HLA genotyping is a routine investigation in the work-up of CD with high negative and low positive 

predictive value. There is evidence that this approach may not have captured the diversity in the 

relative risk of HLA genotypes. To assess the role of HLA genotype in CD diagnosis a genomic risk scores 

(GRS) approach scoring selected HLA genotypes was used to assess predictive performance and guide 

diagnostic exclusion criteria. HLA genotypes for five European CD case-control genome-wide 

association study datasets, involving over 15,000 individuals were imputed to construct and validate 

an HLA risk model using known risk haplotypes (𝐻𝐷𝑄15). This model was then used to identify and 

integrate novel HLA risk variants capable of improving disease prediction (𝐻𝐷𝑄17). These models 

were compared with previously published CD risk models including a state-of-the-art GRS using 228 

single nucleotide polymorphisms ( 𝐺𝑅𝑆228 ). This analysis shows that HLA genotype is 

underappreciated for CD prediction and that HLA based disease prediction, or prediction using 6 HLA 

region SNPs, is equivalent to prediction using complex predictive models. By applying the 𝐻𝐷𝑄17 

model the positive predictive value of testing in high risk populations may be increased from 17.5% to 

27.1% while maintaining a negative predictive value above 99%.    Based on this insight, a change to 

HLA typing exclusionary criteria is proposed, which may reduce the number of patients requiring 

unnecessary diagnostic follow-up, and allow for a simple and more effective clinical pathway for 

screening and diagnosis of CD.   
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4.2 Introduction 
 

As detailed previously, coeliac disease (CD) is a chronic immune disease characterised by small 

intestine damage resulting from ingestion of gluten, the alcohol insoluble protein in wheat, barley and 

rye50. CD is a common disease, with a prevalence of 0.5–2% in Caucasian and Middle Eastern 

populations51,54,184. The current diagnostic gold-standard for CD is the demonstration of characteristic 

small intestinal inflammation and damage while on a gluten-containing diet 60. Intestinal biopsies are 

obtained by upper gastrointestinal endoscopy, a resource intensive, invasive and inconvenient 

process185. While CD-specific serotyping of antibody markers is a strong positive predictor of disease, 

these tests are inaccurate in patients already on a gluten-free diet and patients with other conditions 

such as liver disease, inflammatory bowel disease and type 1 diabetes62.  Alternative, non-invasive, 

risk stratification strategies are desired to reduce unnecessary endoscopies and improve the overall 

effectiveness of CD investigation51. 

One increasingly adopted strategy involves human leukocyte antigen (HLA) typing based on the 

exceptionally strong association of three major susceptibility alleles, HLA-DQA1*05, HLA-DQB1*02 

and HLA-DQB1*03:02  with CD 33.  Over 99% of individuals with CD express one or a combination of 

these risk alleles as part of the DQ2.5 (HLA-DQA1*05, HLA-DQB1*02), DQ2.2 (HLA-DQA1*02, HLA-

DQB1*02), DQ7.5( HLA-DQA1*05 without HLA-DQB1*02) or DQ8 (HLA-DQB1*03:02) genotypes 160 . 

HLA genotyping, as currently used, has limited predictive value for CD due to the high population 

frequency of these susceptibility genotypes (30–60%)64,124. Thus, while HLA typing alone cannot yield 

a diagnosis, the test is useful in selected clinical situations, such as interpretation of equivocal biopsy 

findings or where individuals are already on a gluten-free diet186. In these scenarios, the strong 

negative predictive value of genetic testing can be used to confidently exclude a diagnosis of CD33. HLA 

genotyping is also valuable to direct monitoring of high-risk individuals, such as first-degree relatives 

(FDRs) of CD patients, where prevalence of disease is approximately 10% 33,66.  
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While HLA typing is primarily used for exclusion, whereby those at ‘low’ risk (DQ7.5 or DQX) are 

excluded from diagnostic follow-up185, there is evidence that this approach may not have captured 

the diversity in the relative risk of HLA genotypes. Firstly, recent clinical guidelines recommend further 

refinement of HLA genotype groupings into six categories based on observed relative risk, with the 

intent of more fine-grained risk estimates of high risk individuals 33. Secondly, interactions between 

HLA haplotypes in CD, particularly the DQ2.2. and DQ7.5 haplotypes, were found to increase disease 

risk and better explain phenotypic variance157,187. Thirdly, a logistic regression using a reduced set of 

HLA tag SNPs improved prediction of disease compared with coarse stratification, although this 

analysis did not account for DQ7.5 attributed risk (sup. Fig. 2 in reference)158. These insights suggest 

that more nuanced stratification of risk HLA-DQ genotypes could be used to more effectively capture 

genetic risk.  

To identify additional genomic variants that modulate CD risk, multiple groups have explored the use 

of loci outside of the HLA region by analysing genome-wide association studies (GWAS). Romanos et 

al. demonstrated that the addition of 57 non-HLA single nucleotide polymorphisms (SNPs) as part of 

a genomic risk score model (GRS) could greatly improve patient stratification over HLA genotype 

alone188. Abraham et al., using GWAS data of five European populations, employed penalised 

regression models to develop a GRS using 228 SNPs,  including 186 SNPs in the major 

histocompatibility complex (MHC) region, capable of further improved patient stratification158. While 

these models represent the state-of-the-art for genomic prediction of CD, their role and the role of 

non-HLA genetic information in clinical practice is not yet well established, nor is this type of data 

routinely collected. 

In this chapter I assess whether using a statistically motivated approach with HLA genotypes can 

improve prediction of CD beyond existing HLA-stratification models proposed by Romanos et al. and 

Tye-Din et al. 33,188. Using five European CD case-control GWAS datasets, I demonstrate that HLA-DQ 

genotype stratification using only known risk genotypes has much greater predictive performance 
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than previously attributed, and that models based on these CD-risk HLA haplotypes allow for discovery 

of novel HLA risk factors. Using only these six HLA risk factors, disease can be predicted as effectively 

as with complex genome wide polygenic SNP-based models. Furthermore, this model can be 

implemented using as few as 6 HLA tagging SNPS, offering an alternative pathway for implementation 

that is more parsimonious than existing risk models. Using these stratification models, I assess the 

impact of shifting the CD exclusion criteria and demonstrate that it is possible to maintain a high 

negative predictive value while improving the positive predictive value of testing, with greatest impact 

in the screening of high-risk populations. These findings demonstrate that greater risk stratification 

can be obtained from HLA-typing information already being collected in clinical settings.     
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4.3 Methods 
 

Genotype and Phenotype Data 

 

Five European CD case and control datasets were used in this analysis (Table 4.1). 528,969 SNP 

markers (Illumina Hap550) were available for the United Kingdom (UK2), Finland (FIN), Italy (IT) and 

Netherlands (NL) populations. A subset of 295,453 SNP markers (Illumina Hap 300) were available for 

the United Kingdom (UK1) dataset. Details regarding collection, features and quality control of these 

datasets have been described previously189. Data was accessed from 

https://www.ebi.ac.uk/ega/studies/EGAS00000000057 under accession numbers EGAD00010000292 

(UK1) and EGAD00010000286 (UK2, FIN, IT, NL). Previous analysis indicates population structure does 

not play a role in the predictive capacity of models built on these cohorts 158,189 and hence population 

structure has not been adjusted for in this analysis.  

 

 

Population SNP dataset Post QC SNPs Cases Controls Dataset Accession 

UK1 Illumina Hap300 295,453 737 2,596 EGAD00010000292 

UK2 Illumina Hap550 528,969 1,849 4,936 EGAD00010000286 

FIN Illumina Hap550 528,969 647 1,829 EGAD00010000286 

NL Illumina Hap550 528,969 803 846 EGAD00010000286 

IT Illumina Hap550 528,969 497 543 EGAD00010000286 

Total 4,533 10,750  

 

Table 4.1: European CD GWAS cohorts used in this study. 

 

 

 

 

 

 

https://www.ebi.ac.uk/ega/studies/EGAS00000000057
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Imputation of HLA-DQA1 and HLA-DQB1 alleles 

 

The R package HIBAG (HLA Genotype Imputation with Attribute Bagging) was used to impute 4-digit 

HLA-DQA1 and HLA-DQB1 genotypes for each sample152. Median posterior probability was 0.99 for 

imputations in the UK2, FIN, NL and IT populations and 0.90 for imputation in the reduced SNP UK1 

dataset. 

 Imputed HLA-DQA1 and HLA-DQB1 genotypes were combined to determine the presence of DQ2.5, 

DQ2.2, DQ8, and DQ7.5 haplotypes for each sample (Table 4.2). HLA-DQ haplotypes containing partial 

components of the risk haplotypes (e.g. HLA-DQA1*05:01 without HLA-DQB1*02:01) which had not 

been previously observed in a large population study of HLA-DQ haplotypes were called as DQX190. 

While derivation of haplotype combinations appears to require phased data to determine whether 

HLA-DQA1 and DQB1 alleles occur on the same chromosome, in practice the likelihood of observing 

combinations outside of those derived in the data is extremely low and hence is unlikely to affect 

modelling190. Moreover, frequencies of the imputed genotypes were in line with observed European 

CD patient and general population frequencies (Table 4.3), further validating this approach124. Using 

imputed genotypes, samples were stratified into 15 genotypes representing all possible combinations 

of risk haplotypes. Counts for each HLA genotype in cases and controls for each population are 

detailed in Supplementary Table 4.1.  
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HLA-DQA1 HLA-DQB1 HLA Haplotype 

05:01 02:01 DQ2.5 

02:01 02:02 DQ2.2 

03:01/02/03 03:02 DQ8 

05:03/05:05 Any DQ7.5 

All other DQX 

Table 4.2: Haplotype Calling from HIBAG imputed HLA-DQA1 and HLA-DQB1 Alleles 

 

Sample 

Grouping 

Imputed Case 

Freq. 

Observed Case 

Freq.  

Imputed Control 

Freq. 

Observed control 

Freq.  

DQ2.5 90.43% 88.4-97.2% 26.79% 17.6-36.1% 

DQ2.2 or DQ8 7.46% 2.3-9.7% 28.58% 19.8-29.0% 

DQ7.5 0.90% 0-1.3% 12.73% 10.2-35.1% 

DQX 1.21% 0-1.3% 31.90% 15.3-43.2% 

Table 4.3: HIBAG Imputed genotype frequency vs observed frequency160  
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Existing risk score models 

 

HLA genotypes were grouped to match previously described approaches for HLA based risk 

stratification (Table 4.4). The Romanos (𝑅𝑂𝑀) model was constructed by stratifying samples as High 

(DQ2.5/DQ2.5 or DQ2.5/DQ2.2), Low (DQ7.5/DQ7.5, DQ7.5/DQX or DQX/DQX) or Intermediate (all 

other categories) risk 188.  The Tye-Din (𝑇𝐷) model was constructed by stratifying samples into 6 

categories; Highest (DQ2.5/DQ2.5), High (DQ2.5 positive), Moderate (DQ8 positive), Low (DQ2.2 

positive), Very Low (DQ7.5 positive) and Lowest (DQX/DQX) based on relative-risk estimates in 

European populations33. These ordinal categories were coded as integers either 1–3 or 1–6 from 

highest to lowest risk for the 𝑅𝑂𝑀 and 𝑇𝐷 models respectively.  

The model developed by Abraham et al. (𝐺𝑅𝑆228) is used as an example of a state-of-the-art base-line 

prediction from CD GWAS data158. This model is based on the weighted sum of 228 SNP calls (in a 

dosage representation as values 0, 1 or 2, respectively), with the SNPs and weights derived from 

previous application of an L1-penalized support-vector machine (SVM) to the UK2 cohort. As the 

details for this model are publicly available, the risk scores as detailed by Abraham et al. for each 

sample could be determined.   
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Genotype 
Existing Proposed 

𝑹𝑶𝑴 𝑻𝑫 𝑯𝑫𝑸𝟏𝟓 score 

DQ2.5/DQ2.5 
High (1) 

Highest (1) 8.06 (1) 

DQ2.5/DQ2.2 

High (2) 

7.79 (2) 

DQ2.5/DQ8 

Intermediate 
(2) 

2.56 (3) 

DQ2.5/DQX 2.04 (4) 

DQ2.2/DQ7.5 2.00 (5) 

DQ2.5/DQ7.5 1.68 (6) 

DQ8/DQ2.2 

Moderate (3) 

0.98 (7) 

DQ8/DQ8 0.88 (8) 

DQ8/DQX 0.21 (10) 

DQ8/DQ7.5 0.08 (13) 

DQ2.2/DQ2.2 
Low (4) 

0.23 (9) 

DQ2.2/DQX 0.10 (11) 

DQ7.5/DQX 

Low (3) 
Very Low (5) 

0.10 (12) 

DQ7.5/DQ7.5 0.07 (14) 

DQX/DQX Lowest (6) 0.06 (15) 

 
Table 4.4: CD risk models constructed using known risk haplotypes examined in this study 
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The 𝑯𝑫𝑸𝟏𝟓 model 

 

To explore whether the genomic risk prediction approach could improve risk prediction from known 

CD risk haplotypes, a model was constructed assessing each of the 15 possible HLA genotypes 

individually (𝐻𝐷𝑄15, Table 4.5).  This model allows for assessment of interaction effects between risk 

alleles.  

The𝐻𝐷𝑄15 model is constructed using a polygenic risk score framework: 

𝐺𝑅𝑆(𝑠) = ∑ 𝜃𝑖𝑉𝑖(𝑠),

𝑚

𝑖=1

 

where 𝜃�̂� is the effect size weighting and 𝑉𝑖(𝑠) is the count of the 𝑖-th variant in the sample 𝑠.   

The risk score is based on the 15 possible genotypes formed by the four risk haplotypes, 

𝐻𝐷𝑄15(𝑠) = ∑ 𝐿�̂�𝑖
+𝐺𝑖(𝑠),

𝑚=15

𝑖=1

 

where 𝐺𝑖(𝑠) ∈ {0, 1} indicates whether the sample 𝑠 carries the 𝑖-th genotype or not.  The effect size 

is defined by 𝐿�̂�𝑖
+, the positive likelihood ratio: 

𝐿�̂�𝑖
+

 
=   

∑ 𝐺𝑖(𝑠)𝑠∈𝐶𝑎𝑠𝑒𝑠

𝑛𝐶𝑎𝑠𝑒𝑠

∑ 𝐺𝑖(𝑠)𝑠∈𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠

𝑛𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠
⁄ . 

As each sample only carries a single genotype (i.e. the genotypes are mutually exclusive), the 𝐻𝐷𝑄15 

model score can be considered as weighting all possible 15 genotypes by their 𝐿�̂�𝑖
+. This maximises 

the Area Under the ROC (receiver operating characteristic) Curve (AUC) in the training dataset191. 

Models with risk weighted by odds-ratio and regression modelling were also assessed and 

performed equivalently or worse than those constructed using 𝐿�̂�+ . 
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In all results discussed in this chapter the effect size weightings, 𝐿�̂�𝑖
+, were derived exclusively in the 

UK2 dataset as this was the largest individual cohort and has the additional benefit of keeping the 

analysis in line with the 𝐺𝑅𝑆228 model developed in these datasets158. The ability of risk scores to 

generalize to unseen data could then be evaluated in the four other European populations. The 

𝐻𝐷𝑄17 model, integrating two additional risk genotypes was applied using the same framework. 

 

 

 

Table 4.5: Positive likelihood ratios (LR+) for 15 HLA Genotypes used to construct the 𝑯𝑫𝑸𝟏𝟓 

model. HLA genotypes are sorted using the UK2 positive likelihood ratio (𝐿�̂�+ )  

HLA 

Genotype 
UK2 𝐿�̂�+  

HDQ15 

category 

DQ2.5/DQ2.5 8.06 1 

DQ2.5/DQ2.2 7.79 2 

DQ2.5/DQQ8 2.56 3 

DQ2.5/DQX 2.04 4 

DQ2.2/DQ7.5 2.00 5 

DQ2.5/DQ7.5 1.68 6 

DQ2.2/DQ8 0.98 7 

DQ8/DQ8 0.88 8 

DQ2.2/DQ2.2 0.23 9 

DQ8/DQX 0.21 10 

DQ2.2/DQX 0.10 11 

DQ7.5/DQX 0.10 12 

DQ8/DQ7.5 0.08 13 

DQ7.5/DQ7.5 0.07 14 

DQX/DQX 0.06 15 
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Identification of novel HLA interactions capable of improving HLA based stratification 

 

Given the increasing amount of literature indicating that statistical interactions between HLA alleles 

can improve risk stratification in autoimmune diseases14,15, a stepwise logistic regression approach 

was used to assess whether interaction with the 32 HLA-DQA1 or HLA-DQB1 alleles observed in the 

UK2 dataset could further improve the risk prediction models. If the most significant interaction 

passed Bonferroni correction (p ≤ 0.05/32 = 1.56 x 10-3), it was added to the 𝐻𝐷𝑄15 model and the 

process repeated until no significant improvement could be found. 4 HLA-DQ alleles interacting with 

the DQ2.5/DQX genotype passed Bonferroni correction (p<=0.05/32=1.56e-3) (Table 4.6).  Further 

conditional analysis confirmed this signal to be representing two haplotypes, HLA-DQA1*01:02-

DQB1*06:02 (DQ6.2) and HLA-DQA1*03:03-DQB1*03:01 (DQ7.3). 

 

 

 

 

 

Table 4.6: Significant HLA interactions identified in the UK2 dataset using the HDQ15 model   

HDQ15 category HLA allele P value (10^-x) Haplotype 

DQ2.5/DQX DQA1*01:02 9.998 DQ6.2 

DQ2.5/DQX DQB1*06:02 9.291 DQ6.2 

DQ2.5/DQX DQA1*03:03 8.254 DQ7.3 

DQ2.5/DQX DQA1*03:01 6.962 DQ7.3 
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Identification of HLA haplotype SNP tags 

 

Inferring CD risk haplotypes using SNP tags is a well-established technique124, however previously 

described SNP tags for the DQ2.2, DQ8 and DQ7.5 haplotypes were not available in the analysed 

datasets. To identify alternative SNP tags, an exhaustive comparison of all ~120,000 polygenic MHC 

SNPs in the 1000 Genomes dataset and each of the six risk haplotypes (DQ2.5, DQ2.2, DQ8 or DQ7.5, 

DQ6.1 and DQ3.2) was performed in the 1000 Genomes EUR population178 and T1DGC reference 

panel153. The performance of a tag SNP with a given haplotype was measured using the square of the 

correlation of frequencies, R2, and the normalised coefficient of linkage disequilibrium, D’. No single 

DQ7.5 SNP-tag could be determined, so instead a total HLA-DQA1*05 tag was identified which could 

be used to identify DQ7.5 through the absence of DQ2.5 (DQA1*05 count – DQ2.5 count). The best 

performing available tags are detailed in Table 4.7.  Samples were excluded from analysis if tag SNP 

genotypes were missing (0.5% of samples) or more than 2 HLA-DQ haplotypes tagged (0.1% of 

samples). A set of rules was manually derived to convert SNP genotype to HLA-DQ genotype 

(Supplementary Table 4.2).   

Measures of Predictive Performance  

 

AUC values were used as the primary measure to quantify predictive performance of all models. 

Significance of the AUC differences was evaluated using DeLong’s test for paired ROC curves 

(calculated using the R package pROC 192). 

Data Visualisation 

 

All plots were generated using GraphPad Prism for Windows (Version 7.02) (GraphPad Software Inc., 

La Jolla, CA, USA).  
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  T1DGC 1000 Genomes (EUR) 

Haplotype/Allele SNP Tag D’ R2 Sensitivity Specificity D’ R2 Sensitivity Specificity 

DQ2.5* rs2187668_T 0.997 0.975 99.8% 99.5% 1.000 0.982 100.0% 99.8% 

DQ2.2^ rs2856705_A 0.992 0.753 99.3% 98.0% 1.000 0.903 100.0% 99.1% 

DQ8$ rs9275312_G SNP Not Available in T1DGC dataset 1.000 0.536 100.0% 91.1% 

DQA1*05:XX rs3129763_T 0.986 0.956 97.9% 99.6% Allele Not Available in 1000 Genomes dataset 

DQ6.2# rs9271366_C 0.941 0.586 94.6% 97.2% 0.986 0.862 98.7% 98.2% 

DQ7.3& rs9357152_C 0.952 0.551 95.7% 92.9% 0.987 0.634 99.0% 91.7% 

 

Table 4.7: Performance of HLA haplotype SNP tags in the T1DGC and 1000 Genomes (EUR) datasets 

*DQA1 alleles not annotated in 1000 Genomes dataset. Instead the DRB1*03:01-DQB1*02:01 haplotype is used to represent DQ2.5 

^DQA1 alleles not annotated in 1000 Genomes dataset. Instead the DRB1*07:01-DQB1*02:01 haplotype is used to represent DQ2.2  

$ DQA1 alleles not annotated in 1000 Genomes dataset. Instead the DQB1*03:02 allele is used to represent DQ8 

#DQA1 alleles not annotated in 1000 Genomes dataset. Instead the DQB1*06:02 allele is used to represent DQ6.2 

&DQA1 alleles not annotated in 1000 Genomes dataset. Instead the DQB1*03:01 allele is used to represent DQ7.3
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4.4 Results 
 

Stratification by HLA-DQ genotype reveals extensive variation in genetic risk of CD  

 

The  𝑅𝑂𝑀 model188 has previously been used as the HLA-attributed risk prediction baseline against 

which novel GRS models are compared158,188. In this model individuals are classified into broad ‘High’, 

‘Intermediate’ or ‘Low’ risk categories using HLA genotype alone.  Firstly, it was determined whether 

this method of risk stratification could effectively capture the distribution of risk attributed by each of 

the 15 possible HLA-DQ genotypes defined by the 4 known HLA risk haplotypes. Stratification of 

samples by HLA-DQ genotype (Figure 4.1, Supplementary Table 4.3) confirmed the high risk 

associated with the DQ2.5/DQ2.5 (𝐿�̂�+  = 7.35 – 20.56) and DQ2.5/DQ2.2 (𝐿�̂�+ = 6.11 – 11.31) 

genotypes as well as the low risk associated with the DQ7.5/DQ7.5 (𝐿�̂�+ = 0.00 – 0.11), DQ7.5/DQX 

(𝐿�̂�+= 0.01 – 0.10) and DQX/DQX (𝐿�̂�+ = 0.01 – 0.06) genotypes. While these 𝑅𝑂𝑀 ‘High’ and ‘Low’ 

categories represent two clear extremes of CD risk, the risk attributed by ‘Intermediate’ categories 

were highly variable in all populations with extremes observed between DQ2.2/DQ7.5 (𝐿�̂�+ = 2.00–

4.84) and DQ2.2/DQX (𝐿�̂�+ = 0.10–0.30). This result suggests that stratification of patients using the 

𝑅𝑂𝑀 model may not accurately represent HLA mediated risk, and models integrating this observation 

may improve HLA based CD prediction. 
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Figure 4.1: Predictive value of HLA-DQ risk genotypes. 

 Predictive value as characterised by positive likelihood ratio (PLR) for each of the 15 HLA-DQ risk genotype combinations in five European CD 

case/control populations. Genotypes are sorted by average PLR of each genotype (horizontal bar). A PLR of 0 was observed for DQ2.2/DQ2.2 and 

in UK1 and DQ7.5/DQ7.5 in FIN and UK1 as they were not observed in any CD carriers and are not shown in this graph (but included in average 

PLR values). Red, orange and green shaded areas indicate which genotypes fall into the “High”, “Intermediate” and “Low” risk categories from 

risk model 𝑅𝑂𝑀 by Romanos et al. 188. 
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Coeliac disease risk estimates from known risk haplotypes can achieve predictive power greater 

than previously indicated 

Drawing on the observed distribution of risk across each of the 15 HLA-DQ genotypes, a GRS model, 

𝐻𝐷𝑄15,  was constructed using data from the UK2 population. Predictive performance of this model 

was assessed in four independent validation populations and a combined validation population 

alongside predictive performance of two previously reported HLA models, 𝑅𝑂𝑀 and 𝑇𝐷,  and a state-

of-the-art CD genomic risk score model reported by Abraham et al., 𝐺𝑅𝑆228  (Table 4.8, Figure 4.2, 

Supplementary Figure 4.1). 

In all populations the 𝐻𝐷𝑄15  and 𝐺𝑅𝑆228  models performed equivalently and significantly 

outperformed all other models, though the 𝐺𝑅𝑆228  performed slightly better on the combined 

validation cohort (𝐴𝑈𝐶(𝐻𝐷𝑄15) = 0.874, 𝐴𝑈𝐶(𝐺𝑅𝑆228) = 0.880, 𝑝 = 0.013). The performance of 

the 𝑅𝑂𝑀 model was much lower (~5%) than all other models in each of the validation populations, 

confirming that coarse HLA grouping results in loss of predictive information. The 𝑇𝐷 model, recently 

recommended for clinical practice, performed only marginally worse than the best performing models 

(~2%). While the overall AUCs between the two top performing models, the SNP-based 𝐺𝑅𝑆228 and 

HLA haplotype based 𝐻𝐷𝑄15 , were almost identical, differences could be observed between the 

shapes of ROC curves (Figure 4.2).   
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Model 
Training Validation 

UK2 FIN IT NL UK1 All 

𝑮𝑹𝑺𝟐𝟐𝟖 0.901 0.897 0.872 0.863 0.882 0.880 

𝑯𝑫𝑸𝟏𝟓 0.861 0.895 0.878 0.860 0.879 0.874 

𝑻𝑫 0.835 0.882 0.870 0.845 0.850 0.859 

𝑹𝑶𝑴 0.791 0.798 0.835 0.803 0.805  0.803 

 

Table 4.8: Performance (AUC) of risk score models constructed on the UK2 and tested on the 

FIN, IT, NL and UK1 datasets. Bold values represent the highest performing model in each 

cohort and those statistically equivalent as determined by DeLong's test. Equivalence of AUC 

in UK2 is not evaluated as all predictive models were constructed (trained) using this 

population.
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Figure 4.2: ROC curves of the  𝐻𝐷𝑄15 and 𝐺𝑅𝑆228 stratification models in external validation 

cohorts. Curves represent performance in the a) FIN, b) IT, c) NL, d) UK1 and e) combined 

validation cohorts, with models trained using the UK2 dataset. ns = not significant, * = p < 

0.05 as determined by DeLong's test for paired AUC curves.  
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Identification of novel HLA risk variants using the 𝑯𝑫𝑸𝟏𝟓 model 

 

Given the increasing evidence that interactions between HLA alleles can improve risk stratification in 

autoimmune diseases157,187, it may be possible to identify novel HLA-DQA1 or HLA-DQB1 risk 

haplotypes which can further improve the 𝐻𝐷𝑄15 predictive model.  

An analysis assessing the interaction effect between HLA alleles and each 𝐻𝐷𝑄15 category identified 

4 alleles, representing 2 HLA-DQ haplotypes, with significant interaction with HLA-DQ2.5 genotype 

(Figure 4.3A). The HLA-DQA1*01:02-DQB1*06:02 haplotype (DQ6.2) was found to increase risk when 

observed with DQ2.5 (𝐿�̂�+(𝐷𝑄2.5/𝐷𝑄6.2) = 4.168 ,  𝐿�̂�+(𝐷𝑄2.5/𝐷𝑄𝑋) = 1.445) and the HLA-

DQA1*03:03-DQB1*03:01 haplotype (DQ7.3) was found to decrease risk when observed with the 

DQ2.5 haplotype (𝐿�̂�+(𝐷𝑄2.5/𝐷𝑄7.3) = 0.309  , 𝐿�̂�+(𝐷𝑄2.5/𝐷𝑄𝑋) = 2.352). These modulating 

effects could also be observed in each of the 4 validation populations (Figure 4.3B).   

When the DQ2.5/DQ6.2 and DQ2.5/DQ7.3 risk genotypes were added to the 𝐻𝐷𝑄15  model to 

construct a 17-category model ( 𝐻𝐷𝑄17 ) predictive performance increased significantly in the 

combined validation population (𝐴𝑈𝐶(𝐻𝐷𝑄15) = 0.874 , 𝐴𝑈𝐶(𝐻𝐷𝑄17) = 0.883),  Supplementary 

Table 4.4.) No significant difference in risk prediction could be observed between the 𝐻𝐷𝑄17 and 

𝐺𝑅𝑆228 on the combined validation cohort (𝐴𝑈𝐶(𝐻𝐷𝑄17) = 0.882 , 𝐴𝑈𝐶(𝐺𝑅𝑆228) = 0.880, Figure 

4.3C).  
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Figure 4.3: Identification of novel HLA risk modulators and construction of SNP tagging model 

A) flow chart of the analysis performed in the UK2 cohort. B) recapitulation of risk modulating 

effects in validation populations. C) Performance of the 𝐻𝐷𝑄17 model integrating the two 

novel risk genotypes DQ2.5/DQ6.2 and DQ2.5/DQ7.3/ D) performance of the HDQ17 model 

when applied using tagging SNPs rather than imputed genotypes.   
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Prediction using tag SNPs achieves equivalent performance to using imputed haplotypes 

 

To ensure that the results observed in this work were not driven by imputation error, and given  prior 

work showing that CD risk haplotypes could be tagged128, a set of six SNPs were identified using the 

independent 1000 Genomes and T1DGC datasets. These tag SNPs were used to establish the presence 

of HLA risk haplotypes and used these to re-implement the 𝐻𝐷𝑄17 model. The predictive performance 

of the 𝐻𝐷𝑄17 model derived from SNP calls was statistically equivalent to the haplotypes determined 

from imputed HLA genotype, as well as the 𝐺𝑅𝑆228 , in all populations ( 𝐴𝑈𝐶(𝐻𝐷𝑄17_𝑆𝑁𝑃𝑠) =

0.878Figure 4.3D, Supplementary Table 4.4). This slightly reduced performance is likely due to 

imperfect tagging of risk variants, and may be recaptured using the established, high performance CD 

risk haplotype tags which were unavailable in this dataset.  

To assess whether predictive performance could be further improved through a combination of 

the 𝐻𝐷𝑄17_𝑆𝑁𝑃 and 𝐺𝑅𝑆228 models, the performance of models in each validation population variably 

weighting each predictor were assessed (Figure 4.4). While improvement could be made by partial 

weighting of the two models in all populations, no significant improvement could be observed over 

the best performing model, suggesting that both models are largely detecting the same underlying 

signal mediated by HLA risk.  
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Figure 4.4: Performance of a combined 𝐻𝐷𝑄17_𝑆𝑁𝑃/ 𝐺𝑅𝑆228 model.  

Increased AUC can be achieved by partially weighting of 𝐻𝐷𝑄17_𝑆𝑁𝑃 and 𝐺𝑅𝑆228scores to 

define risk. No significant difference can be observed between the best performing combined 

model and the previous highest AUC achieved by either GRS228 or HDQ17.  

  



Chapter 4 

116 
 

CD screening exclusionary criteria may be modified to improve predictive value using the 𝑯𝑫𝑸𝟏𝟕 

model 

HLA genotyping is primarily used clinically to exclude further CD investigation in individuals deemed 

to be high risk 185.  Specifically, individuals that are DQ2.5, DQ2.2 and DQ8 negative (𝑅𝑂𝑀 “low” risk 

category) are excluded from CD investigation based on the established low genetic susceptibility, 

whereby the negative predictive value of testing (NPV) is approximately 99% 33. The improved, higher 

resolution risk stratification of the 𝐻𝐷𝑄15 model offers an opportunity to re-examine these clinical 

thresholds to determine whether this high NPV could be maintained while improving the positive 

predictive values (PPV) of testing by adjusting the genotype categories within this “low” risk category. 

Across the five cohorts considered in this work, the impact of changing the exclusion criteria to 

excluding individuals who fell into the 4, 5 or 6 lowest risk 𝐻𝐷𝑄
17

 categories as defined by 𝐿�̂�+was 

explored. 

The impact of altering the exclusion criteria on the trade-off between PPV and NPV at a CD prevalence 

of 1% (approximate frequency in the general population) and 10% (approximate frequency in first 

degree relatives) is shown in Figure 4.5.  At a population frequency of 1% (Figure 4A), a mean NPV 

above 0.999 can be maintained even if the 6 lowest HLA risk genotypes per the 𝐻𝐷𝑄17  model 

(DQX/DQX, DQ7.5/DQ7.5, DQ8/DQ7.5, DQX/DQ7.5, DQ2.2/DQX, DQ8/DQX from least risk to most) 

are treated as negative for CD. In contrast, PPV increased across all cohorts from a mean PPV of 1.9% 

for the current exclusionary criteria to 3.3% for the 6 categories with the lowest CD-risk according to 

𝐻𝐷𝑄17.  A similar effect is observed at a CD prevalence of 10% (Figure 4B), where the usage of these 

6 categories as an exclusion cut-off yields PPV improvement from 17.5% to 27.1% while maintaining 

NPV above 99%. Such an increase in PPV has potential to reduce the number of patients requiring 

diagnostic follow-up when screening at-risk groups.   
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Figure 4.5: PPV and NPV of different CD exclusion criteria using the 𝐻𝐷𝑄17 model.  

The impact of altering the diagnostic exclusionary criteria for CD diagnosis from current CD 

exclusionary criteria (excluding DQX/DQX, DQX/DQ7.5, DQ7.5/DQ7.5) to excluding individuals 

based on the lowest 4, 5 or 6 categories of the 𝐻𝐷𝑄17 model at a disease frequency of 1% and 

10%.  
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4.5 Discussion 
 

Despite the high positive predictive value of serological testing and the high negative predictive value 

of HLA genotyping, biopsy via upper gastrointestinal endoscopy, a resource intensive, invasive and 

inconvenient process, remains the gold standard for diagnosis of CD. There is a need for improved risk 

stratification strategies to reduce unnecessary endoscopies and improve the efficiency of CD 

investigation, particularly in the screening of high-risk, asymptomatic individuals. This work 

demonstrates that the application of genomic risk score frameworks using only HLA risk haplotypes 

leads to predictive performance that significantly outperforms current HLA stratification approaches.  

The improved performance and resolution of these models allows the exclusion criteria for CD follow-

up, the main utility of HLA typing for CD, to be shifted in such a way that positive prediction is improved 

while maintaining the current false negative rate, helping reduce the number of unnecessary 

endoscopies, especially in first-degree relatives at high-risk of CD.  Furthermore, the 𝐻𝐷𝑄17 model may 

be applied using a panel of six MHC SNPs and achieve a level of prediction equivalent to the 𝐺𝑅𝑆228  

model derived from hundreds of genomic SNPs. 

A potential clinical impact of this research is the modification of the exclusionary criteria for CD when 

using genetic testing as a screening tool.  An illustrative example is in screening of children who are 

considered at high-risk for CD due to family history, but are currently asymptomatic. For this at-risk 

group, the European Society for Paediatric Gastroenterology, Hepatology, and Nutrition (ESPGHN) 

recommends an initial screening based on HLA testing, given the prevalence of disease in this 

population of ≈10%193. For this group, the suggestion to additionally exclude patients that have the 

DQ8/DQ7.5, DQ2.2/DQX and DQ8/X genotypes results in a large reduction in the number of patients 

requiring regular monitoring, given the shift in PPV from 17.5% to 27.1% while having a minimal effect 

on the number of false negatives (NPV = 99%). As with suggestions for altering the inclusion criteria 

for serology testing 193, further studies will need to be conducted to determine the impact in these at-

risk populations. 
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The analysis in this work highlights and clarifies the large diversity in relative risk of HLA-DQ risk 

genotypes in relationship to CD. Modern conventional interpretation of HLA genotype typically 

suggests risk stratification based on grouping of genotypes into three to six categories based on 

population studies of HLA-mediated risk. This work demonstrates that coarse grouping of genotypes 

results in the loss of extensive predictive information, while more nuanced grouping by the 𝐻𝐷𝑄17 

model more effectively captures HLA attributed risk.  

By conditioning on the 𝐻𝐷𝑄15 model, two novel haplotypes which modulate HLA risk may be identified 

which significantly improve HLA mediated prediction. While additional independent HLA signals have 

been previously identified by CD GWAS194, no study has localised this signal to specific allelic 

interactions.  Future study of the mechanism by which these interactions modulate DQ2.5 risk will be 

of interest in the study of how HLA alleles mediate disease predisposition on the molecular level. 

Furthermore, these methods of systematic HLA haplotype stratification and discovery may provide a 

framework for improving the use of HLA genotyping for other autoimmune disorders with known HLA 

risk factors.  A further crucial insight from this work is that the use of DQ7 as a terminology for 

individuals carrying DQA1*05 without DQB1*02 (already discouraged in clinical guidelines) should be 

avoided given that the DQ7.3 subtype is in fact protective. Rather this should be reported as either 

DQ7.5 or DQA1*05 positive. 

The ability to implement the 𝐻𝐷𝑄17 model using either HLA genotype or SNP-tags indicates that it may 

be a more easily translatable alternative to existing GRS approaches given that HLA genotyping is 

already in use in routine CD diagnosis. Exclusionary typing for CD is now one of the most common 

genetic tests performed each year in Australia33, and if this typing has already been performed, the 

𝐻𝐷𝑄17 model may be implemented at no additional expense, to better understand patient risk.  If HLA 

information is not available, HLA genotype may be determined through existing pathology 

infrastructure, or via targeted genotyping of the 6 identified tag SNPs. An interesting area of relevant 

research is point-of-care SNP genotyping 195,196, where the small panel of SNPs, combined with point-
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of-care serological tools197, may provide a pathway towards immediate, confident CD exclusion at a 

low cost in the clinical setting. 

The genotype-only 𝐻𝐷𝑄17  model performs equivalently to a state-of-the-art genomic prediction 

model in all validation cohorts, implying that existing polygenic risk scores combining HLA and non-

HLA variants have not accounted for all HLA risk. This is particularly interesting given the previously 

identified non-HLA CD risk factors 188. While these cannot effectively be assessed here due to an 

insufficient sample size, in future the precise impact of these risk factors may be better characterised 

on larger CD cohorts. Moreover, the SNP-based implementation of the 𝐻𝐷𝑄17  model is far more 

parsimonious than models requiring hundreds of SNPs. The inability of many existing regularised 

machine learning techniques to find the smallest subset of features that yield the best predictive 

performance has been previously noted, and remains an active area of research in the machine 

learning community198. These results indicate that HLA genotypes may have been underutilised in 

construction of GRS for other auto-immune conditions and that more exhaustive exploration of fine-

grained HLA data may yield greater risk stratification.  
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4.6 Conclusion 
 

This analysis demonstrates that through systematic interpretation of HLA attributed risk, it is possible 

to improve risk prediction of CD using HLA typing alone. The proposed 𝐻𝐷𝑄
17

 risk haplotype model 

performs equivalently to a state-of-the-art genomic risk model across multiple distinct European 

patient cohorts, but only uses information that is currently available in a clinical setting. The improved 

understanding may be useful for refining the HLA typing exclusionary criteria, especially in screening 

of children at high risk of CD. These results may allow for a more refined clinical pathway for screening 

and diagnosis of CD and act as the foundation for the development of improved genomic prediction 

models. 
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4.7 Supplementary Tables 
 

Supplementary table 4.1: Imputed genotype frequency in cases and controls for each population 

 

 FIN IT NL UK1 UK2 

HLA 

Genotype 
Cases Controls Cases Controls Cases Controls Cases Controls Cases Controls 

DQ2.5/DQ2.5 80 11 55 3 194 17 119 57 314 104 

DQ2.5/DQ2.2 48 12 110 15 145 25 192 72 467 160 

DQ2.5/DQQ8 64 37 12 9 55 35 54 76 121 126 

DQ2.5/DQ7.5 28 35 49 21 38 26 31 83 81 129 

DQ2.5/DQX 344 242 89 41 264 141 260 406 600 786 

DQ2.2/DQ2.2 1 1 7 2 4 1 0 28 5 59 

DQ2.2/DQ8 10 21 10 2 5 12 12 54 41 112 

DQ2.2/DQ7.5 10 20 124 28 44 14 30 46 77 103 

DQ2.2/DQX 13 123 11 56 7 69 9 296 22 564 

DQ8/DQ8 11 25 3 1 2 6 11 24 20 61 

DQ8/DQ7.5 3 30 5 19 4 16 2 51 3 102 

DQ8/DQX 30 319 10 26 19 103 13 313 45 576 

DQ7.5/DQ7.5 0 14 2 57 1 10 0 19 1 39 

DQ7.5/DQX 1 200 6 143 10 101 2 283 18 503 

DQX/DQX 4 739 4 120 11 270 2 788 34 1512 

Total 647 1829 497 543 803 846 737 2596 1849 4936 
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Supplementary Table 4.2: SNP to HLA haplotype conversion matrix 

DQA1*05 DQ2.5 DQ2.2 DQ8 DQB1*03:01 DQB1*06:02 
Genotype 

rs3129763_T rs2187668_T rs2856705_A rs9275312_G rs9357152_C rs9271366_C 

≤2 2 0 0 - - DQ2.5/DQ2.5 

≤1 1 1 0 - - DQ2.5/DQ2.2 

≤1 1 0 1 - - DQ2.5/DQ8 

2 1 0 0 - - DQ2.5/DQ7.5 

≤1 1 0 0 0 1 DQ2.5/DQ6.2 

≤1 1 0 0 0 0 DQ2.5/DQX 

≤1 1 0 0 1 0 DQ2.5/DQ7.3 

0 0 2 0 - - DQ2.2/DQ2.2 

0 0 1 1 - - DQ2.2/DQ8 

1 0 1 0 - - DQ2.2/DQ7.5 

0 0 1 0 - - DQ2.2/DQX 

0 0 0 2 - - DQ8/DQ8 

1 0 0 1 - - DQ8/DQ7.5 

0 0 0 1 - - DQ8/DQX 

2 0 0 0 - - DQ7.5/DQ7.5 

1 0 0 0 - - DQ7.5/DQX 

0 0 0 0 - - DQX/DQX 

  



Chapter 4 

124 
 

Supplementary Table 4.3: Positive likelihood ratios (LR+) for 15 HLA Genotypes for each of five populations considered in this chapter. HLA 

genotypes are sorted as per the 𝐻𝐷𝑄15 model using the UK2 LR+. 

 

HLA 

Genotype 
FIN IT NL UK1 UK2 Average 

DQ2.5/DQ2.5 20.56 20.03 12.02 7.35 8.06 13.60 

DQ2.5/DQ2.2 11.31 8.01 6.11 9.39 7.79 8.52 

DQ2.5/DQQ8 4.89 1.46 1.66 2.50 2.56 2.61 

DQ2.5/DQX 4.02 2.37 1.97 2.26 2.04 2.53 

DQ2.2/DQ7.5 1.41 4.84 3.31 2.30 2.00 2.77 

DQ2.5/DQ7.5 2.26 2.55 1.54 1.32 1.68 1.87 

DQ2.2/DQ8 1.35 5.46 0.44 0.78 0.98 1.80 

DQ8/DQ8 1.24 3.28 0.35 1.61 0.88 1.47 

DQ2.2/DQ2.2 2.83 3.82 4.21 0.00 0.23 2.22 

DQ8/DQX 0.27 0.42 0.19 0.15 0.21 0.25 

DQ2.2/DQX 0.30 0.21 0.11 0.11 0.10 0.17 

DQ7.5/DQX 0.01 0.05 0.10 0.02 0.10 0.06 

DQ8/DQ7.5 0.28 0.29 0.26 0.14 0.08 0.21 

DQ7.5/DQ7.5 0.00 0.04 0.11 0.00 0.07 0.04 

DQX/DQX 0.02 0.04 0.04 0.01 0.06 0.03 
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Supplementary Table 4.4: Performance (AUC) of additional risk score models constructed on the UK2 and tested on the FIN, IT, NL and UK1 

datasets 

 

Model 
Training Validation 

UK2 FIN IT NL UK1 All 

𝑮𝑹𝑺𝟐𝟐𝟖 0.901 0.897 0.872 0.863 0.882 0.880 

𝑯𝑫𝑸𝟏𝟓 0.861 0.895 0.878 0.860 0.879 0.874 

𝑯𝑫𝑸𝟏𝟕 (𝒊𝒎𝒑𝒖𝒕𝒆𝒅) 0.873 0.897 0.889 0.866 0.889 0.883 

𝑯𝑫𝑸𝟏𝟕 (𝑺𝑵𝑷𝒔) 0.870 0.887 0.878 0.863 0892 0.874 
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4.8 Supplementary Figure 
 

Supplementary Figure 4.1: ROC curves of 𝐻𝐷𝑄15,  𝐺𝑅𝑆228,  𝐻𝐷𝑄
4
,   𝑇𝐷 and 𝑅𝑂𝑀 in 4 external 

validation cohorts. Curves represent performance in the a) FIN, b) IT, C) NL and D) UK1 

populations, with models trained using the UK2 dataset. 
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5.1 Abstract 
 

Variation in the highly polymorphic Human Leukocyte Antigen genes has been extensively associated 

with predisposition to autoimmune disease and adverse drug reaction. Furthermore, the MHC region 

containing these genes is the most commonly implicated region in genome wide association studies. 

While HLA genotyping and imputation approaches offer pathways towards determination of the 

underlying HLA signal in GWAS studies, there is currently no fast and simple way of predicting a 

prospective HLA association given only a SNP with significant trait association. This chapter describes 

HLAprox, a web-based database of HLA allele/SNP associations generated from the ethnically diverse 

1000 Genomes dataset. Using HLAprox it is possible to accurately predict candidate HLA variants 

associated with disease, interpret the complexity and ethnic specificity of MHC associations and 

identify candidate tagging SNPs for cost-effective prediction of HLA variants. HLAprox is a rapid, easy 

to use alternative to HLA imputation approaches. 

The web interface for HLAprox is publicly available at https://hlaprox.shinyapps.io/hlaprox/ 
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5.2 Introduction 
 

As described previously, the gene-dense human major histocompatibility region (MHC) plays a key 

role in the regulation of infection, inflammation and autoimmunity6. The most notable genes in this 

region are the highly polymorphic Human Leukocyte Antigen (HLA) genes. HLA alleles and haplotypes 

are extensively associated with predisposition to autoimmune disorders29 and adverse drug 

reactions67. The MHC region is highly enriched in variants associated with common disease in genome 

wide association studies (GWAS)147, confirming the importance of this region in disease. Interpretation 

of GWAS signals is complex regardless of genomic location, but particularly so in the MHC region due 

to extensive, overlapping, long-range linkage disequilibrium extending across multiple HLA and non-

HLA genes127. However, effective interpretation of these signals can also be highly rewarding, given 

the immediate potential clinical application of HLA-variant based patient stratification.  

To interpret an MHC signal in a GWAS, two main approaches are currently applied. The first of these 

involves high-resolution HLA genotyping149. These allele calls are used for a conditional analysis in 

which known HLA risk factors are controlled for to identify additional MHC risk variants 199. While this 

approach is ideal due to the high quality of genotyping results used in the conditional analysis, it is 

generally impractical due to the high cost and time burden of high-resolution HLA genotyping in large 

study cohorts, which may consist of tens or hundreds of thousands of individuals in a modern GWAS.  

In the second approach, HLA imputation, the statistical prediction of HLA alleles from SNP array data, 

is used to “type” HLA variants for each sample in the study dataset150. These allele calls may then be 

used for conditional analysis as with high-resolution genotyping. While imputation accuracy is high 

(~95%) in European populations, where large imputations reference panels are readily available, 

accuracy is reduced (75-90%) in Asian, African and Latino populations150. Neither of these approaches 

offers a solution for assessing MHC signals in previously published work where DNA samples are 

unavailable for HLA typing, and raw genotyping data is unavailable for HLA imputation. There is 

currently no way to infer an HLA association from a reported GWAS hit149.   
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Association tools allowing for web-based on-demand calculation of paired SNP associations to 

interrogate linkage disequilibrium and identify proxy SNPs provide an example of how complex 

associations may be predicted using reference datasets and made easily accessible181,200. Adaptation 

of this approach for inference of HLA associations from candidate SNPs, using pre-computed 

associations between SNP calls and HLA variants reported in large reference panels, may provide a 

simple way to infer HLA associations without the need for follow up genotyping or imputation. The 

1000 Genomes dataset offers a unique opportunity for generating such a reference panel due to the 

high density of HLA variant annotation (hundreds of thousands of calls) derived from whole genome 

sequencing data and the availability of gold-standard HLA genotyping data178.  

In this chapter I describe HLAprox, a web-based tool which can rapidly establish HLA-SNP associations. 

This tool may be used to immediately assess LD between SNPs and HLA-A, B, C, DRB1, DQB1 and HLA 

haplotype variants. HLAprox can predict candidate HLA variants associated with disease, interpret the 

complexity and ethnic specificity of more detailed MHC associations and validate and identify 

candidate tagging SNPs for cost-effective prediction of HLA variants.   
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5.3 Methods 
 

Annotation of HLA Alleles in the 1000 Genomes reference panel 

 

HLA-A, HLA-B, HLA-C, HLA-DQB1 and HLA-DRB1 genotype information was available for four of the 

1000 Genomes super-populations; 171 African (AFR), 193 Ad Mixed American (AMR), 267 East Asian 

(EAS) and 324 European (EUR) samples178. Resolution of HLA annotation differed between samples 

and was generally insufficient to represent a single 4-digit HLA allele. These HLA calls were simplified 

to represent the most common possible HLA variant (e.g. HLA-A*01:01/01:04N/01:22N/01:32 

/01:34N/01:37 simplified to HLA-A*01:01 as this is the only common variant of these possible 

genotypes). A complete list of allele calling simplifications is detailed in the Chapter 5 Supplementary 

Data. In some cases, this simplification introduced calling errors due to multiple common alleles being 

represented by the same genotyping call (e.g. HLA-DQB1*02:01 and HLA-DQB1*02:02 are both 

common variants, but due to low resolution annotation, both are called as HLA-DQB1*02:01 in the 

HLAprox reference dataset). This may be partially corrected by assigning samples to haplotypes as 

detailed below.  Table 5.1 summarises the number of simplified 4-digit alleles annotated for each HLA 

gene in this dataset. ~70% of common 4-digit alleles (observed at population frequency > 0.1% in at 

least one population) are annotated in the 1000 Genomes populations. This is expected give the 

sample size and the localised populations of the 1000 Genomes samples (regional populations such as 

Toscanini in Italy). 

 Table 5.1: Representation of 4-digit HLA alleles in the HLAprox reference dataset 

Gene 4-digit Alleles 
Representation of 4 -digit 

CWD Common Alleles12 

HLA-A 54 71% (46/65) 

HLA-B 99 68% (84/123) 

HLA-C 32 73% (30/41) 

HLA-DRB1 53 64% (47/73) 

HLA-DQB1 17 73% (16/22) 

Total 255 69% (223/324) 
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Annotation of HLA haplotypes in the 1000 Genomes reference panel 

HLA haplotypes may be assigned using known strong associations between alleles. This approach 

allows for some errors in allele simplification to be corrected. For example, the above simplification 

of HLA-DQB1*02:01 and HLA-DQB1*02:02 to HLA-DQB1*02:01 may be recaptured through 

observation of the highly conserved DQB1*03:01-DQB1*02:01 (which represents the DQB1*02:01 

allele) and DQB1*07:01-DQB1*02:01 (which represents the DQB1*02:02 allele) haplotypes. 

Additionally, HLA associations may be driven by specific haplotypes rather than by a specific allele (e.g. 

DRB1*03:01-DQB1*02:01 for coeliac disease as described previously), so comparison with haplotypes 

rather than with individual alleles may provide greater information. HLA-DR/HLA-DQ (DRB1-DQB1) 

and HLA-B/HLA-C (B-C) haplotypes were assigned to each sample through comparison of genotypes 

with haplotypes previously observed in ethnic specific haplotype reference panels (Table 5.2).  Over 

90% of samples could have genotypes resolved into combinations of previously observed HLA 

haplotypes. Samples with genotypes that could not be resolved were not annotated with haplotype 

variants, resulting in a total of 913 samples with DRB1-DQB1 annotation and 906 samples with B-C 

annotation. A total of 98 DRB1-DQB1 haplotypes and 200 B-C haplotypes were observed in the 1000 

Genomes populations.  

HLA Haplotype Ethnicity Reference population Reference Sample Size 

DRB1-DQB1 AFR Maiers, 2007201 1,154 

DRB1-DQB1 AMR Maiers, 2007201 1,085 

DRB1-DQB1 EAS Maiers, 2007201 1,136 

DRB1-DQB1 EUR Klitz, 2003190 1,899 

B-C AFR Maiers, 2007201 2,410 

B-C AMR Maiers, 2007201 1,992 

B-C EAS Maiers, 2007201 1,767 

B-C EUR Schmidt, 2011202 20,653 

Table 5.2: Reference panels used to determine the Class II HLA-DRB1/HLA-DQB1 (DRB1-

DQB1) and class I HLA-B/HLA-C (B-C) haplotypes present in the 1000 Genomes samples.  
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Annotation of MHC SNPs in the 1000 Genomes reference panel 

 

Variant annotations for ~306,000 SNPs located in the 10 Mb region surrounding the MHC (Chr6:25Mb-

35Mb) were downloaded for the 955 HLA annotated samples using the Ensembl GRCh37 Data Slicer 

tool (http://grch37.ensembl.org/Homo_sapiens/Tools/DataSlicer). Monomorphic variants (those 

with only a single allele observed in the 955 samples) were excluded from this dataset, resulting in a 

total of ~208,000 polymorphic SNP calls. SNP, allele and haplotype calls were merged into a single 

dataset using PLINK (the “Combined” dataset). This dataset was then divided into 4 separate ethnic 

populations, as defined by the 1000 Genomes super-populations (AFR, AMR, EAS and EUR). Each of 

these ethnic specific datasets were then further pruned to remove unobserved HLA alleles and 

haplotypes and monomorphic SNP variants. Table 5.3 details the alleles, haplotypes and SNPs 

annotated in each population.  

 

 

Population Sample Size Unique Alleles 
Unique 

Haplotypes 
Polymorphic 

SNPs 

Combined 955 255 298 208,430 

AFR 171 154 127 138,427 

AMR 193 180 142 126,503 

EAS 267 134 127 113,157 

EUR 324 140 119 121,070 

 

Table 5.3: Characteristics of the HLAprox reference populations. 

 

 

 

http://grch37.ensembl.org/Homo_sapiens/Tools/DataSlicer
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Calculation of association statistics 

Squared pairwise correlation (R2) and the normalised coefficient of linkage disequilibrium (D’) were 

calculated for each pair of SNP and HLA allele/haplotype within each ethnic cohort, and on a combined 

population of all 955 samples using PLINK174.  Each SNP was also annotated with a position. This allows 

for modelling the distribution of linkage disequilibrium across a genomic map.  

Construction of the HLAprox web-interface 

HLAprox is deployed as a Web-app at https://hlaprox.shinyapps.io/hlaprox/ using the Shiny 

framework203.  

HLAprox uses the following R packages for data processing and visualisation: 

Package Link 

Data.table  https://cran.r-project.org/web/packages/data.table/index.html 

DplyR https://cran.r-project.org/web/packages/dplyr/index.html 

DT https://cran.r-project.org/web/packages/DT/index.html 

Ggplot https://cran.r-project.org/web/packages/ggplot2/index.html 

Manhattanly https://cran.r-project.org/web/packages/manhattanly/index.html 

Plotly https://cran.r-project.org/web/packages/plotly/index.html 

Shiny https://cran.r-project.org/web/packages/shiny/index.html 
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5.4 Results 
 

Variation in the MHC region is highly ethnic specific 

 

Variation in the HLA alleles, haplotypes and SNPs were characterised and compared across the four 

HLAprox populations (Figure 5.1, Figure 5.2). Of the 255 annotated alleles, only 74 (29%) were 

observed across all ethnic cohorts and 104 (41%) were only observed in a single ethnic cohort. Of the 

298 haplotypes, only 29 (10%) were observed across all ethnic cohorts, and 178 (60%) were only 

observed in a single ethnic cohort. Of the 208,430 polymorphic variants, 36% (76,331) were 

polymorphic across all populations and 42% (88,488) were only observed in a single ethnic super-

population. These results, in line with previous observation of population-specific restriction in 

variation179, highlight the need for ethnicity specific assessment of HLA associations, and cross-

ethnicity confirmation of association.  
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Figure 5.1: Variation and overlap of A) HLA alleles and B) HLA Haplotypes in the 4 HLAprox 

populations 

 

 

 

Figure 5.2: Variation and overlap of polymorphic MHC variants in the HLAprox populations 

 

 

 



Chapter 5  

 

137 
 

HLA associations with disease may be effectively predicted with candidate SNPs using HLAprox. 

HLAprox allows for immediate association of a candidate SNP with HLA variations. Given a sample 

population and candidate SNP in the MHC region, the top correlating HLA alleles or haplotypes 

found in the 1000 Genomes data as ranked by R2 are reported, allowing for rapid identification of 

possible HLA variant associations (Table 5.4).  

Rank Allele/Haplotype R2 D’ 

1 DRB1*03:01-DQB1*02:01 0.982 1.000 

2 HLA-DRB1*03:01 0.965 0.982 

3 HLA-B*08:01 0.490 0.763 

4 B*08:01-C*07:01 0.468 0.770 

5 HLA-DQB1*02:01 0.464 0.957 

6 HLA-C*07:01 0.318 0.632 

7 HLA-A*01:01 0.253 0.584 

8 B*18:01-C*05:01 0.031 0.588 

9 HLA-A*02:05 0.028 0.693 

10 HLA-A*03:01 0.021 1.000 

 

Table 5.4:  Top associated HLA variants for rs2187668 (EUR population) in HLAprox 

 

In order to validate the utility of the tool, HLAprox was used to assess the top 10 SNPs (as ranked by 

odds ratio) annotated in the MHC region associated with ADRs (Table 5.5) and the top 10 SNPs 

associated with autoimmune disease with the hypothesis that known HLA associations should be 

discovered (Table 5.6). The highest ranking HLAprox reported associations were concordant with the 

HLA alleles previously identified using high resolution genotyping or imputation for 9 of the top 10 

ADR associations (the discordant result (rs17193122/HLA-B*38:02) was the second highest ranked 

association).  Similarly, HLAprox could effectively identify the previously associated gene or allele for 

the top 10 reported autoimmune disease associations. Furthermore, for many of these SNPs with 

only a vague MHC annotation, a specific allele at 4-digit resolution could be identified as a strong 

candidate driving this signal. These results demonstrate the accuracy of HLAprox and the potential 

utility of this tool to immediately highlight alleles underlying an MHC GWAS association.   
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Drug Ethnicity SNP OR 
Previously Reported  

HLA Association 
Top HLAprox 

Association (R2) 
Ref 

Flupirtine EUR rs137931178 79 
HLA-DRB1*16:01 
HLA-DQB1*05:02 

1: DRB1*16:01-DQB1*05:02 (0.691) 204 

Allopurinol EAS rs2734583 67 HLA-B*58:01 1: B*58:01-C*03:02 (0.958) 88 

Flucloxacillin EUR rs2395029 45 HLA-B*57:01 1: HLA-B*57:01 (0.937) 205 

Carbimazole EAS rs185386680 25 HLA-B*38:02 1: HLA-B*38:02 (0.747) 104 

Trichlororoethylene EAS rs2857281 12 HLA-B*13:01 1: HLA-B*13:01 (0.503) 206 

Thionamide EAS rs17193122 10 HLA-B*38:02 
1: HLA-B*67:01 (0.282) 
2: HLA-B*38:02 (0.242) 

84 

Carbamazepine EUR rs1061235 9 HLA-A*31:01 1: HLA-A*31:01 (0.744) 76 

Thionamide EAS rs9263688 8 HLA-B*38:02 1: HLA-B*38:02 (0.349) 84 

Lumiracoxib EUR rs3129900 8 
HLA-DRB1*15:01 
HLA-DQB1*06:02 

1: HLA-DRB1*15:01 (0.736) 207 

Trichlororoethylene EAS rs2523557 7 HLA-B*13:01 1: HLA-B*13:01 (0.255) 206 

 

Table 5.5: Replication of HLA-Adverse Drug Reaction Associations using HLAprox   
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Disease Ethnicity SNP OR 
Reported  

HLA Association 
Top HLAprox 

Association (R2) 
Ref. 

Ankylosing spondylitis EUR rs116488202 46 HLA-B*27 HLA-B*27:05 (0.899) 208 

Psoriasis EAS rs1265181 23 HLA-C HLA-C*06:02 (1.00) 209 

Type 1 Diabetes EUR rs2647044 8 HLA-DRB1 DRB1*03:01-DQB1*02:01 (0.982) 210 

Neuroticism EUR rs204893 7 None reported No strong associations 211 

Membranous Nephropathy EUR rs9272729 7 HLA-DQA1 DRB1*03:01-DQB1*02:01 (0.982) 212 

Coeliac Disease EUR rs2187668 7 DRB1*03:01-DQB1*02:01 DRB1*03:01-DQB1*02:01 (0.982) 194 

Neuroticism EUR rs2267633 6 None reported HLA-A*11:01 (0.291) 211 

Juvenile Arthritis EUR rs7775055 6 DRB1*0801-DQB1*0402 HLA-DQB1*04:02 (1.00) 213 

Mixed cellularity Hodgkin lymphoma EUR rs13196329 6 HLA-DRB1 DRB1*10:01-DQB1*05:01 (0.662) 214 

Myasthenia gravis EUR rs3130544 6 B*08 B*08:01-C*07:01 (0.873) 215 

 

Table 5.6: Replication of HLA-Autoimmune Disease Associations using HLAprox
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Complexity of an HLA signal may be determined using HLAprox 

 

While in some cases disease predisposition is driven by a single HLA factor (e.g. HLA-B*57:01 driven 

abacavir ADR), HLA risk may also be due to multiple independent and interacting HLA associations 

(e.g. CD with the DQ2.5, DQ2.2, DQ8 and DQ7.5 risk haplotypes). Where a list of candidate MHC 

SNPs is reported, rather than a single lead SNP, HLAprox allows for the complexity of HLA association 

behind an MHC signal to be determined (i.e. whether a single or multiple HLA risk factors are being 

detected) (Figure 5.3). In the examples presented here, the top 20 HLA region SNPs (as ranked by 

statistical significance) associated with idiopathic membranous nephropathy are driven by a single 

predictive association. This association can be observed as a strong correlation of the DRB1*03:01-

DQB1*02:01 haplotype with the odds ratio attributed to each SNP (Figure 5.3A)216. In contrast the 

top 20 SNPs associated with type 1 diabetes are picking up at least 4 distinct HLA associations, either 

predictive or protective (Figure 5.3B)210. For a complex HLA association such as this, no clear 

correlation would be observed between SNP attributed risk and a single HLA variable.  
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Figure 5.3. Interpretation of MHC signal complexity using HLA prox.  

A) Interpretation of an MHC signal observed in a GWAS for idiopathic membranous 

nephropathy. In this visualisation the reported disease odds ratio (OR) is plotted against the 

R2 with DRB1*03:01-DQB1*02:01, the strongest HLAprox association with lead SNP 

rs2187668. A very strong correlation (R2 = 0.88) can be observed between R2 and OR, 

suggesting that all 20 reported SNPs are being driven by this MHC signal. B) In contrast, the 

top 20 SNPs reported in a GWAS for type 1 diabetes cannot be associated with a single signal, 

but are rather picking up at least 4 distinct predictive or protective HLA alleles. In this 

visualisation, SNPs are grouped by top HLAprox association.  
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HLAprox may be used for validation or identification of candidate HLA tagging SNPs 

 

As described previously in Chapter 3, HLA tagging SNPs are a cost-effective and simple alternative to 

conventional genotyping for clinical stratification of patients17. However, most reported tag SNPs have 

not been validated, and there are no resources available for discovery of novel tagging variants. Using 

HLAprox, tag SNPs can be assessed by comparing the top HLA associations with a given SNP (as for the 

DQ2.5 tag rs2187668 shown in Table 5.4), or be used to identify novel tagging SNPs associated with a 

given HLA allele by searching for the top SNPs associated with a given HLA allele or haplotype as ranked 

by R2 and D’ (Table 5.7). In this example, two perfect proxy SNPs for the DRB1*16:01-DQB1*05:02 

haplotype associated with Flupirtine induced adverse drug reactions are identified in the EUR cohort.  

 

Rank Allele/Haplotype R2 D’ Cohort 

1 rs140118665 1.00 1.00 EUR 

2 rs17202190 1.00 1.00 EUR 

3 rs111274387 0.86 1.00 EUR 

4 rs111367655 0.86 1.00 EUR 

5 rs111378762 0.86 1.00 EUR 

6 rs111411953 0.86 1.00 EUR 

7 rs111652687 0.86 1.00 EUR 

8 rs111718315 0.86 1.00 EUR 

9 rs111752270 0.86 1.00 EUR 

10 rs111847086 0.86 1.00 EUR 

 

Table 5.7: Top 10 SNP associations with the DRB1*16:01-DQB1*05:02 haplotype in the EUR 

cohort associated with Flupirtine induced Adverse Drug Reaction. 
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HLAprox may be used to assess the ethnic specificity of tagging SNPs 

 

The use of the 1000 Genomes dataset as a multi-ethnic validation cohort has previously been 

demonstrated in Chapter 3.  The HLAprox tool automates multi-cohort tag validation by enabling on-

demand assessment of the association between a given SNP/HLA pair in each of the available 1000 

Genomes super-populations as well as in the combined cohort. This allows for the cross-ethnicity 

validity of tagging variants to be easily predicted.  

As an illustrative example, the MHC SNP rs1265181 was identified in a GWAS investigating Psoriasis in 

a population of Chinese ancestry209. This variant, is a perfect proxy of HLA-C*06:02 (R2 = 1.00) in the 

EAS population.  However, when assessed across each of the other ethnic super-populations this 

relationship was not fully retained (Figure 5.4A). Thus, if attempting to replicate this association in 

ethnically discordant populations to confirm an equivalent HLA predisposing using this SNP, a weaker 

association would likely be observed. Using HLAprox an alternate tagging variant can be identified 

which is functional across all ethnic populations, and the effect of this underlying HLA variant could 

be more appropriately investigated. Figure 5.4B shows the same process for the DRB1*03:01-

DQB1*02:01 haplotype of relevance to multiple autoimmune disorders, including CD and T1D194. The 

currently used tag, rs2187668, is an excellent proxy for HLA genotype in the European population in 

which it was established, however a better cross ethnicity alternative may also be identified, enabling 

effective assessment of the role of this HLA factor outside of European populations.    
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Figure 5.4: Using HLAprox to assess ethnic specificity of HLA tagging SNPs and for the 

discovery of cross-ethnic tagging variants.  A) Assessment of a tag SNP for HLA-C*06:02 

reported in an Asian study of Psoriasis demonstrates a poor performance outside of the EAS 

population. By searching for a tag in the HLAprox combined population an alternative can be 

identified which is a perfect tag in all populations. B) Assessment of a reported tag SNP for 

the DQB1*03:01-DQB1*02:01 haplotypes shows poor performance in the AMR and EAS 

populations. A more effective tag, rs542851571, is identified with HLAprox.  
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5.5 Discussion 
 

Characterisation of variation in the MHC region, specifically HLA alleles and haplotypes, is important 

for many clinical and research applications, including the interrogation of auto-immune disease onset 

and prediction of ADR incidence. Despite these applications, and the great enrichment of MHC region 

associations observed in GWAS databases, there has been, until now, no simple way of predicting a 

causative HLA variant given a candidate SNP.  In this chapter I have described HLAprox, a tool which 

allows for on-demand interrogation of HLA/SNP associations across four ethnically diverse sample 

populations. The web-interface for HLAprox makes prediction of candidate HLA variants from reported 

SNPs and assessment of HLA tagging SNPs rapid and simple, which will be of particular use for non-

technical audiences.  

The ability of HLAprox to predict HLA associations given only a single SNP allows for the examination 

of reported associations where HLA genotyping or imputation has not been possible due to the lack 

of raw data or samples. Many studies reporting MHC region GWAS hits have only reported an 

association with a specific gene predicted by genomic position. HLAprox allows for these associations 

to not only be confirmed, but also tied to specific 4-digit HLA alleles (Table 5.4). These alleles may 

assist in validation of HLA associations observed in datasets where HLA genotyping or imputation is 

possible, or for directing future assessment of HLA variation in these disorders.  In future the HLAprox 

datasets may enable high throughput interrogation of large genomics datasets and GWAS catalogues 

to mine for novel HLA alleles and haplotypes associations.  

HLAprox may also be used for validation of HLA tagging SNPs. As described in Chapter 3, the ethnic 

specificity of tagging variants is a significant barrier to clinical application which may be overcome 

using multi-ethnic validation cohorts such as the 1000 Genomes dataset. HLAprox largely automates 

the analysis performed in Chapter 3, allowing for immediate assessment tagging effectivity. 

Calculation of tagging sensitivity and specificity as described in Chapter 3 is currently not possible with 

HLAprox, though this functionality will be integrated in future. 
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Discovery of cross-ethnic HLA tagging SNPs is also possible using the HLAprox tool. However, as with 

the cross-ethnic tagging variants reported in Chapter 3, these SNPs still require external validation and 

conventional SNP genotyping hybridisation approaches, such as those employed on GWAS platforms, 

may not be able to recapture variant calls extracted from whole genome sequencing. As large whole 

genome sequencing databases become increasingly available and methods of HLA genotyping from 

whole genome sequencing reads become more accurate, further datasets may be integrated in the 

HLAprox tool, allowing for immediate external validation of HLA/SNP associations, and inclusion of 

alleles and haplotypes not found in the 1000 Genomes populations.  

While HLAprox does allow for prediction of HLA associations and enables greater interpretation of 

previously reported SNPs, gold-standard genotyping or imputation are still preferable options where 

possible for interpretation of MHC GWAS associations. These tools enable further analysis, 

conditioned on the HLA genotyping results to be performed, and may lead to the discovery of more 

subtle HLA associations and interactions (as described in Chapter 4). Nevertheless, HLAprox may be 

used as a first-line indication of a clear HLA signal, and whether imputation or genotyping are likely to 

be beneficial. Furthermore, the ability to assess the ethnic specificity of an observed SNP/HLA 

association may help explain and overcome discrepancies in validation studies of reported significant 

GWAS associations. 
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5.6 Conclusion 
 

Interpretation of significant disease association in the MHC region is a complex and time-consuming 

process, and cross-ethnicity validation of these associations is confounded by differences in 

association between SNPs and HLA variants between populations. As such, may SNP associations in 

the MHC region have not been interpreted in the context of HLA variation. HLAprox is an easy to use 

tool for immediate assessment of HLA association with candidate variants, prediction of cross-ethnic 

validity of these associations, and discovery of robust, cross-ethnicity HLA tagging SNPs for use in 

precision medicine applications. HLAprox will facilitate more confident identification and validation of 

HLA-disease associations. 
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5.7 Supplementary Data 
 

The following tables detail the allele calling simplification applied for the HLA allele calls used by 

HLAprox. 

Original HLA-A Call HLAprox HLA-A Call 

01:01/01:04N/01:22N/01:32/01:34N/01:37 01:01 

02:01/02:09/02:43N/02:66/02:75/02:83N/ 
02:89/02:97/02:132/02:134/02:140 02:01 

02:05/02:179 02:05 

02:06/02:126 02:06 

02:07/02:15N 02:07 

02:11/02:69 02:11 

02:22/02:104 02:22 

03:01/03:20/03:21N/03:26/03:37/03:45 03:01 

11:01/11:21N 11:01 

23:01/23:07N/23:17/23:18/23:20 23:01 

24:02/24:09N/24:11N/24:40N/24:76/24:79/24:83N 24:02 

24:03/24:33 24:03 

25:01/25:07 25:01 

26:01/26:24/26:26 26:01 

30:01/30:24 30:01 

31:01/31:14N/31:23 31:01 

 

Supplementary Table 5.1: HLA-A allele simplifications  

  



Chapter 5 

 

149 
 

Original HLA-B Call HLAprox HLA-B Call 

07:02/07:44/07:49N/07:58/07:59/07:61 07:02 

07:05/07:06 07:05 

08:01/08:19N 08:01 

15:01/15:03 15:01 

15:01/15:12/15:19 15:01 

15:01/15:28 15:01 

15:01/15:102/15:104/15:140/15:146 15:01 

15:03/15:103 15:03 

15:12/15:19 15:12 

18:01/18:17N 18:01 

27:03/27:51/27:52/27:09 27:03 

27:03/27:52/27:09 27:03 

27:05/27:13 27:05 

35:01/35:07 35:01 

35:01/35:40N/35:42/35:57/35:94 35:01 

35:03/35:70 35:03 

35:43/35:67/35:79 35:43 

38:02/38:18 38:02 

39:01/39:46 39:01 

40:01/40:55 40:01 

40:02/40:56/40:97 40:02 

44:02/44:19N/44:27/44:66 44:02 

45:01/45:07 45:01 

46:01/46:15N 46:01 

48:01/48:09 48:01 

51:01/51:11N/51:30/51:32/51:48/51:51 51:01 

52:01/52:07 52:01 

54:01/54:17 54:01 

55:01/55:02 55:01 

56:01/56:24 56:01 

58:01/58:11 58:01 

81:01/81:02/81:03 81:01 

 

Supplementary Table 5.2: HLA-B allele simplifications  
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Original HLA-C Call HLAprox HLA-C Call 

01:02/01:25 01:02 

01:03/01:24 01:03 

03:03/03:04 03:03 

03:03/03:20N 03:03 

04:01/04:09N/04:28/04:30/04:41 04:01 

05:01/05:03 05:01 

07:01/07:06 07:01 

07:01/07:06/07:18/07:52 07:01 

07:02/07:50/07:66/07:74 07:02 

07:04/07:11 07:04 

08:01/08:20/08:22/08:24 08:01 

15:02/15:13 15:02 

17:01/17:02/17:03 17:01 

18:01/18:02 18:01 

 

Supplementary Table 5.3: HLA-C allele simplifications  

 

Original HLA-DRB1 Call HLAprox HLA-DRB1 Call 

12:01/12:06/12:10/12:17 12:01 

14:01/14:54 14:01 

15:01/15:03 15:01 

 

Supplementary Table 5.4: HLA-DRB1 allele simplifications 

 

Original HLA-DQB1 Call HLAprox HLA-DQB1 Call 

02:01/02:02/02:04 02:01 

03:01/03:09/03:19/03:21/03:22/03:24 03:01 

06:04/06:34 06:04 

 

Supplementary Table 5.5: HLA-DQB1 allele simplifications
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Chapter 6: 

General Discussion and Conclusion 
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6.1 General Discussion 
 

Through development of rapid genetic testing techniques, establishment of a framework for 

statistical characterisation of HLA effects and construction of a tool simplifying the discovery of 

novel HLA associations, this dissertation has described methods by which the role of HLA genotyping 

may be more effectively assessed and applied in both research and clinical applications. 

First, a method for genetic testing of CD risk alleles using LAMP was developed and assessed. This 

method aimed to demonstrate the potential utility of the LAMP technology in characterising complex 

auto-immune disease genetics using a variety of different sample types. Prior to this investigation, 

LAMP had only been applied for the assessment of single allele HLA risk factors.  

The results of this study demonstrate that with appropriate design, recognising both the advantages 

and limitations of the LAMP technology, it is possible to develop assays for relatively complex immune 

risk profiles. The CD-LAMP assay, comprised of three LAMP reactions, can effectively stratify patient 

risk attributed by the presence of four established HLA risk haplotypes in approximately one hour.  CD-

LAMP was shown to be highly concordant with gold-standard testing technologies with purified DNA 

and minimally processed blood and saliva samples. The CD-LAMP assay could be easily interpreted 

visually, without complex instrumentation, making it an excellent candidate for the foundation 

technology of a PoC platform. Combined with emerging tools allowing for PoC antibody testing, the 

CD-LAMP assay may enable immediate and confident CD diagnosis in a clinical setting. 

While the CD-LAMP assay has been developed, and tested, on a panel of CD patients, the risk 

haplotypes characterised (DQ2.5, DQ2.2, DQ8, DQ7.5) are also of relevance to many other auto-

immune conditions, including type 1 diabetes, lupus and idiopathic membranous nephropathy. While 

the precise role of HLA genotyping for these disorders is less well-established than for CD, in future 

the CD-LAMP assay may find a role in the diagnostic process. While the results presented here position 

the CD-LAMP assay as an effective alternative to PCR based tests on a technical level, further work is 
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necessary to simplify the CD-LAMP protocol, establish standards for interpretation and establish 

quality control procedures in line with existing PCR assays.  

In the second part of this thesis the use of HLA tagging SNPs, polymorphic genomic variants in strong 

linkage disequilibrium with HLA alleles, was assessed. Tagging SNPs have recently gained popularity 

for the detection of autoimmune disease HLA risk variants (particularly as part of direct-to-consumer 

services217). Despite the strong link between specific HLA alleles and predisposition towards 

compound specific ADRs, this technique has previously been considered inappropriate for 

pharmacogenomic stratification of patients due to inconsistency in tagging across different ethnic 

populations.  

The findings described here confirm that previously reported tagging SNPs are not appropriate for 

stratification of treatment in ethnically diverse patient cohorts. However, with suitable discovery and 

validation cohorts, it is possible to identify tagging SNPs that are not ethnic specific, allowing for this 

technique to be a reliable genotyping approach for the routine screening of patients. Validated tagging 

SNPs identified eight HLA risk variants, including tags for three HLA alleles annotated as 

pharmacogenomic biomarkers by the FDA. While the proposed tag SNPs were validated here using 

the 1000 Genomes dataset, laboratory validation of these SNPS using single SNP genotyping assays on 

well characterised DNA panels will be necessary prior to clinical translation. 

 The high throughput validation and discovery process used for this study is the most extensive cross-

ethnicity validation of HLA tagging SNP function to date and sets the standard for how prospective 

tagging SNPs should be validated in future studies.  Point-of-care SNP genotyping platforms are 

currently under development, and in future may be combined with the tagging variants reported here 

to provide a rapid genetic testing solution for cost-effective pharmacogenomic patient stratification 

to assist with clinical decision making.   
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This method of high sensitivity SNP tagging may also find application in detection of non-HLA disease 

risk markers such as the alleles in the polymorphic KIR218 and CYP219 family genes. Due to association 

with disease predisposition and drug response, variants in these genes have potential clinical 

relevance220. However, as with HLA genotyping, the complexity resulting from extensive 

polymorphism of these loci increases the difficulty of PCR based genotyping and cost-effective clinical 

application221,222. As resources pairing SNP and KIR/CYP genotyping data become available, the 

methods described here may be applied for identification of clinically appropriate SNP markers.   

As detailed in the introductory chapter, another method which may be amenable for point-of-care 

HLA genotyping is antibody-based detection of HLA antigens. In preliminary work, not described in 

this thesis, a HLA-B*57 specific antibody143 was conjugated to micrometre-sized paramagnetic beads. 

These conjugated beads, coupled with a strong magnet allowed for rapid (<5mins) visual detection of 

an HLA-B*57 positive cell line (Figure 6.1).  Extensive further work is necessary to confirm that this 

approach would be appropriate for detection of HLA antigens in more complex patient samples, such 

as minimally processed blood or saliva. Additionally, a biosensor detection platform for automated 

detection of magnetic particle bound compounds would have to be engineered to allow for 

automated detection of antibody binding.  However, if these technical hurdles can be overcome, this 

approach allows for detection of risk alleles more rapidly and at lower cost than DNA amplification 

approaches.  
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Figure 6.1: Rapid detection of HLA-B*57:01 positive B-cells using magnetic particle 

conjugated antibodies. HLA-B*57:01 positive cells clump together with magnetic particles 

coated in HLA-B*57 specific antibodies. These cells may then be isolated using a magnetic 

field. In the HLA-B*15:02 control cell line, the antibody does not bind to cells and cells are 

discarded by negative magnetic selection.  
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Next, a method for assessing the risk of HLA risk haplotypes in complex disorders was described, again 

using CD as a model disease.  While the role of HLA genotyping in CD exclusion has been previously 

well-characterised, the role of HLA genotyping in the positive prediction of disease has not been 

systematically assessed. Instead multiple complex predictive models constructed on tens or hundreds 

of genomic variants have been developed, and while these represent the state-of-the-art in disease 

prediction, their role in clinical practice is not yet well-established.  

Inspired by mounting evidence of greater than reported complexity in HLA mediated risk, a genomic 

risk score methodology was applied to assess the role of HLA genotypes, describing interactions 

between known risk haplotypes. The predictive model built using only HLA genotypes (𝐻𝐷𝑄15) had a 

much greater predictive power than previously attributed to HLA genotype. By conditioning on this 

model, two novel HLA risk haplotypes could be identified. While additional HLA signals have been 

previously identified by CD GWAS, no previous study has localised this signal to specific allelic 

interactions, as achieved here. By integrating these novel risk factors, a predictive model (𝐻𝐷𝑄17) 

was constructed that performed equivalently to the state-of-the-art genomic prediction model across 

multiple distinct European cohorts.   

Unlike other predictive models, the HLA genotyping information required to implement 𝐻𝐷𝑄17  is 

routinely collected in clinical practice and therefore may be applied at no additional cost. Leveraging 

insights from the 𝐻𝐷𝑄17 model, a change to the exclusionary criteria for CD was proposed, which 

improved the positive predictive value of HLA genotyping without compromising negative predictive 

value. As with the HLA-genotyping assays described above, it is necessary to establish clear criteria for 

interpretation and guidelines, in line with current guidelines for the reporting of HLA attributed CD 

risk33, for the application of the 𝐻𝐷𝑄17 model. Furthermore, this model will need to be validated in 

and potentially adjusted for non-European populations, where HLA-attributed disease risk may vary. 
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In the future, these systematic methods of HLA haplotype stratification and discovery may provide a 

framework for improving the use of HLA genotyping for other autoimmune disorders with known and 

unknown HLA risk factors.  

Finally, HLAprox, a tool automating the SNP/HLA association analysis performed elsewhere in this 

work, was reported and characterised. While HLA imputation on GWAS data has become a common 

tool for assessing the role of HLA alleles in disease predisposition, there has been no simple method 

of predicting an associated HLA variant given a candidate SNP. This has made interpretation of 

previously reported MHC associations difficult, and has limited subsequent validation and clinical 

application of GWAS findings.  

HLAprox makes determining these associations rapid and simple by providing a web interface for 

assessing HLA/SNP associations in the 1000 Genomes dataset. This is possible through exhaustive pre-

computed association between hundreds of thousands of SNPs and hundreds of HLA variants. 

HLAprox was demonstrated to effectively capture HLA associations reported using imputation and 

gold-standard genotyping approaches, as well as to assist in the prediction and validation of HLA 

tagging SNPs. 

HLAprox may be used as a first-line indication of an HLA association, prior to the time and cost 

investment of imputation or high-resolution genotyping. Furthermore, HLAprox can provide insight 

into the ethnic specificity of HLA/SNP associations, ensuring appropriate SNPs are used for validation 

studies. Some care must be taken with application of predicted associations, particularly those present 

in only a single ethnic cohort, given the relatively small sample size and localised ethnicity of the 1000 

Genomes populations. In future, as more paired MHC sequencing/HLA genotype datasets become 

available, these populations may be integrated into HLAprox to improve the confidence of predicted 

associations.   
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6.2 Conclusion 
 

Together, the experimentation and analyses performed in this thesis confirm that HLA genotyping has 

a greater potential for impacting clinical decision making and prediction of disease, through both 

improved testing efficiency and better understanding of the relationship between HLA variation and 

disease. These results represent a suite of complementary approaches by which the role of HLA 

genotyping may be assessed and enhanced. In combination with the engineering of tools capable of 

performing rapid genetic testing, these findings may overcome cost and time barriers previously 

limiting application of HLA-associations and lead to direct, accurate and efficient application of HLA-

based patient stratification in clinical practice for tailoring of treatment strategies.  
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